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Microbial communities, or microbiomes, are the major drivers of global biogeochemical cycles, 
acting as primary producers and decomposers across the water column in the oceans. Thus, they 
reflect changes in physicochemical properties and nutrient composition of the ocean. However, 
this correlation between ecological changes and the function of marine microbiomes is poorly 
understood. Large-scale oceanic events such as the bottom-water oxygen-depleted zone (i.e., “dead 
zone”) and the Deepwater Horizon oil spill in the Gulf of Mexico (GoM) render the ecosystem 
fragile. These events decrease survival rates of pelagic and coastal macrofauna and affect the 
biodiversity of the region. As part of the DEEPEND Consortium, previously sequenced 16S rRNA 
gene data of 466 samples from two cruises in 2016 (May: DP03, August: DP04) were used to 
characterize the taxa and function of microbiomes across the Northern GoM (NGoM). The 
Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) 
approach was used for predicting biomolecular function based on the KEGG database inferred 
from 16S rRNA sequences. Metabolism was the most abundant function at KEGG Level 1 (DP03: 
53.1%, DP04: 52.4%), and further analyses were centered on pathways within this function. Strong 
depth stratification of metabolic function was observed (p<0.001), with a major shift in function 
between the euphotic zone (0-200m) and the aphotic zone (200-2000m), associated primarily with 
decreasing relative abundance of photosynthetic functional signatures with depth. These functions 
were followed by methane metabolism in abundance, indicating that the microbial communities 
switch to primarily chemosynthetic processes in the aphotic zones. A CCA test on five 
physicochemical environmental variables, sampling depth, temperature, salinity, Dissolved 
Oxygen, and salinity, resulted in a strong association with function, explaining more variation in 
metabolism (DP03: 63.2%, DP04: 77.3%) than taxa (DP03: 14.3%, DP04: 25.8%). Among these 
variables, temperature has been reported as the primary driver of community composition, and was 
also the major environmental driver of function for this study (DP03: 55.4%, DP04: 68%). GIS 
spatial analysis of methane metabolism across the aphotic zone showed that offshore sites had 
relatively higher methane metabolism than nearshore, indicating potential pelagic effects of the 
Mississippi River outflow. Temporal analyses showed photosynthetic primary productivity was 
significantly different across seasons but not annually, which may be attributed to high seasonal 
outflow of the river. 
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Marine Microbial Ecology 
 Microbial communities constitute a significant portion of the ocean biomass and are the 
sole primary producers in the oceans (Moran 2015; Sunagawa et al., 2015). These communities 
are key components of major biogeochemical cycles, driving the nutrient cycles in the ocean. In 
the euphotic zone, microbes fix atmospheric carbon and nitrogen into organic matter which gets 
transported up the trophic levels. Microbial debris contributes to the sinking particle flux, known 
as marine snow, thereby transporting nutrients to deeper waters. Microbes in the aphotic zones 
colonize sinking particulate matter and form microenvironments, thereby supporting life at those 
depths. Thus, microbial production at the surface supports and affects biota beyond the sunlit zone. 
Even in oligotrophic waters, defined by limited available nutrients and low productivity, organic 
carbon is channeled and regenerated through microbes in a process termed the microbial loop 
(Pomeroy et al., 2007). On the benthos, microbes carry out chemosynthesis while inhabiting 
sediments and extreme environments such as hydrothermal vents and methane seeps (Ruff et al., 
2015; Fortunato et al., 2018) (Figure 1). 
Large scale studies in the past decade have analyzed the dynamics of these communities 
and their correlation and interaction with marine environments across the global oceans. The 
Global Ocean Sampling (GOS) expedition was one of the first comprehensive phylogenetic studies 
of marine microbial communities (Rusch et al., 2007). A detailed global study undertaken later by 
the Tara Oceans also analyzed the functional composition of microbial communities (Sunagawa 







Figure 1. Marine Food Web. Bacterioplankton are the primary producers, supporting the marine food 
web across depth zones. US Department of Energy, Office of Biological and Environmental Research. 
(https://public.ornl.gov/site/gallery/detail.cfm?id=326) 
 
Microbial community structure and function is strongly driven by environmental factors. 
The structure of ocean microbial communities is primarily driven by depth, while in the euphotic 
zone, temperature is the major environmental factor, followed by Dissolved Oxygen (DO), driving 
the taxonomic composition and function of microbial communities (Sunagawa et al., 2015). The 
most abundant microbial taxa in the oceans across depth zones are the Alphaproteobacteria and 
Gammaproteobacteria classes of the Proteobacteria phyla. The photosynthetic phyla 
cyanobacteria, consisting of genus Prochlorococcus and Synechococcus, are abundant in the sunlit 
zone and responsible for microbial production (Salazar and Sunagawa, 2017). The abundance of 
cyanobacteria in turn decreases with increasing depth. The coastal ocean as a result has higher 
abundance of cyanobacteria and heterotrophic bacteria than open ocean (Moran, 2015). Vertical 




evidence of phylogenetically related communities across distant geographic locations. Microbial 
communities differ seasonally with negligible annual variation. This is primarily attributed to the 
stratification of ocean layers in higher temperatures of summer months and the higher freshwater 
and nutrient input. 
Microbial communities reflect changes in nutrient composition and physicochemical 
properties such as temperature, salinity, and DO (DeLong, 2005; Xu, 2006; Fuhrman, 2009). The 
microbial ecology of marine environments differentiates between pelagic habitats and offers 
biological insight into the overall functioning and health of the oceans and constituent fauna. 
Characterizing the diversity and distribution of marine microbes is particularly unique and 
challenging as compared to other natural environments such as soil due to the dilute aquatic 
conditions and global mixing of water masses. Although the richness and abundance of free-living 
microbes is lower than host-associated communities such as human gut microbiome, these 
communities play a crucial role in quantitatively driving biotic life cycles in the natural 
ecosystems. Global oceans are considered a sink for carbon, wherein microbial production at 
depths plays a key role. Environmental changes induced by anthropogenic activities can thus alter 
the community structure and function, the effects of which will escalate to higher trophic levels 
and ultimately affect the entire marine ecosystem. 
 
16S Amplicon Genomics 
One of the most common ways of studying microbial communities is using metagenomics, 
which involves sequencing genes from environmental samples for microbial communities, most 
of which are not cultivable in vitro (Schloss and Handelsman, 2003; Handelsman, 2004; Allen and 
Banfield, 2005). Computational developments have evolved classical microbiology, which 
previously relied solely on lab-scale cultivation of individual species of microbes, into an 
informatics-based approach to analyze whole communities of microbes (Gilbert and Dupont, 
2010). Characterization of such communities can be carried out by sequencing amplicons of 16S 
rRNA gene (Handelsman, 2004; Tringe and Hugenholtz, 2008). 16S is a component of the 30S 
small subunit of a ribosomal RNA found in prokaryotes. A near universal presence in prokaryotes 




lineages has propelled the use of 16S amplicon sequencing in microbial phylogenetic studies 
(Tringe and Hugenholtz, 2008; Caporaso et al., 2011). 
The amplicon sequencing approach allows for the analysis of structure and composition of 
microbial communities, or microbiomes, for ecological studies in diverse environments such as 
the human gut (Turnbaugh et al., 2009), skin (Grice et al., 2009) and oral cavity (Dewhirst et al., 
2010), fish gut (Sanchez et al., 2012), rhizosphere (Berendsen, Pieterse, and Bakker, 2012), 
microbial mats (Ley et al., 2006), and marine (Morris et al., 2002; Rusch et al., 2007; Fuhrman et 
al., 2008; Sunagawa et al., 2015). Research in the Molecular Microbiology and Genomics lab has 
employed Illumina amplicon sequencing to characterize microbial communities from freshwater 
and marine habitats of South Florida (Campbell et al., 2015; O'Connell, 2015; Karns, 2017; Skutas, 
2017; Donnelly, 2018) and anglerfish symbiont (Freed et al., 2019). 
Amplicon data is commonly analyzed by clustering read sequences with a minimum 97% 
similarity into a common taxon ’unit’, called an operational taxonomic unit (OTU) (Schloss et al., 
2009). Common methods of clustering include reference-based, where sample sequences are 
compared with sequences from a reference database, and de novo, where sequences are clustered 
based on similarities within the sample dataset. While 16S data are used for characterizing 
community structure in most large-scale microbiome studies, there are no widely accepted 
standards for taxonomic assignment of 16S-derived microbes (Pollock et al., 2018). Recent studies 
have shown that clustering of reads and the arbitrary similarity cut-off used by the OTU approach 
has some inherent limitations such as the inability to resolve closely related species (Tikhonov, 
Leach, and Wingreen, 2015; Callahan, McMurdie, and Holmes, 2017). Reference-based OTU 
clustering also relies on the curation of existing 16S sequence databases and are subject to biases 
introduced by the respective databases (Westcott and Schloss, 2015). A recent approach, called 
Amplicon Sequence Variants, addresses these concerns by inferring taxonomy based on a 
biological sample sequence by considering each nucleotide, rather than clustering (Callahan, 
McMurdie, and Holmes, 2017). The International Census of Marine Microbes (ICoMM; 
http://icomm.mbl.edu) is a repository that facilitates storage and distribution of microbial sequence 





Functional Profiling of Microbial Communities 
Microbial ecology studies from different marine environments are mostly based on 
composition of microbial communities, with fewer studies on functional composition. Analyses of 
such communities have revealed patterns that could not be explained by taxonomic composition. 
Global trends show similar taxonomic composition across different spatial environments 
(Sunagawa et al., 2015), and varying community structure in similar environments (Fernández et 
al., 1999). Taxonomic studies hence do not allow enough resolution to effectively analyze 
community dynamics with respect to biogeochemical cycles. A possible explanation for this 
disparity is the lack of inclusion of phenomena such as Horizontal Gene Transfer (HGT), which 
allows microbes in an environment to transfer genetic material to perform ecological niche-
specific functions (Boucher et al., 2003; Falkowski, Fenchel, and Delong 2008). Taxonomically 
different clades in a similar environment can, as a result, perform similar metabolic functions, 
contributing to survival of whole community. 
Microbial community function has only been studied recently, with the application of Next-
Gen Sequencing (NGS) in 16S and metagenomic surveys. The Phylogenetic Investigation of 
Communities by Reconstruction of Unobserved States (PICRUSt) approach assists in finding out 
whole community gene composition and community function using 16S sequence data and 
reference databases (Langille et al., 2013). Recent applications of PICRUSt include studies on the 
coastal Arabian Sea (Kumar, Mishra, and Jha, 2019), the Mariana Trench (Gao et al., 2019), effect 
of hydrocarbons and dispersants on marine biofilms (Salerno et al., 2018), and dinoflagellate 
(Zhou et al., 2018) and phytoplankton blooms (Nowinski et al., 2019). 
Recent studies on community functional profiles showed higher correlation between 
environmental conditions and function than composition (Louca, Parfrey, and Doebeli 2016). The 
idea of functional redundancy explains these variations by suggesting that community functional 
dynamics are independent of community composition. Functional profiling of microbial 
communities more closely reflects correlation between microbial communities and local 
environmental conditions. To study marine microbial community dynamics, functional profiling 
can also account for globally connected water masses which may transport microbes across global 
oceans and show unexplained taxonomic trends. Based on metabolic pathways, marine water 




An emerging trend in the upper layers of the global oceans is that temperature is the main 
environmental variable driving community structure (Sunagawa et al., 2015; Logares et al., 2018). 
Metabolic functions such as photosynthesis and photoheterotrophy are the most abundant in this 
region, where Calvin cycle carbon fixation enzymes were highly expressed. The Tara Oceans 
study also found genes responsible for aerobic respiration and photosynthesis in the mesopelagic, 
suggesting the presence of upper-layer microbes in the sinking marine snow, as they adapt to 
different niches and carry out remineralization (Sunagawa et al., 2015). As depth increases and 
sunlight and temperature decrease, microbial communities switch to chemosynthetic processes and 
expand into metabolic niches, increasing functional richness with depth (Orcutt et al., 2011; 
Sunagawa et al., 2015). Nitrogen and sulfur metabolism processes increase to support the energy 
requirements. Most heterotrophic respiration is fueled by sinking organic matter (Mestre et al., 
2018). These processes support nutrient cycles in the aphotic zone by fixing or remineralizing 
organic and inorganic matter. Along with sinking organic matter, environments such as 
hydrothermal vents, seeps, and sediments also show high microbial activity. 
 
Nutrient Cycling and Circulation in the Northern Gulf of Mexico 
The Gulf of Mexico (GoM) is an ocean basin between the North and South American 
continents, providing high economic and ecological value to the region (Goolsby et al., 1999; Shen 
et al., 2016; Ward and Tunnell, 2017). One of the major geographic features of the Northern GoM 
(NGoM) is the Mississippi River (MR) delta (Figure 2) which drains the contiguous 48 states of 
the United States and accounts for 90% of the freshwater input into the GoM (Rabalais et al., 
1996). The Mississippi river flows through regions of high agricultural activity and urban 
settlements and serves as a drainage for runoffs from these areas, thus accumulating sediments and 
nutrients. As the river flows into the GoM, it transfers sediments and nutrients along with the 
freshwater, thereby acting as a major driving force shaping the microbial communities and the 
ecosystem (Rabalais, Turner, and Wiseman Jr, 2002). 
The Loop Current (LC), as part of the GoM mesoscale (1-100km) circulation, is another 
oceanographic feature driving the ecosystem as it brings warm water in the region (Liu et al., 2012; 




north into the pelagic GoM where it forms a loop, and exits through Straits of Florida forming the 
Gulfstream current (Leipper, 1970; Oey, Ezer, and Lee, 2005). During this process, the LC sheds 
cyclonic and anti-cyclonic eddies which form in the east and ebb as they travel west across the 
GoM. These mesoscale circulations facilitate the mixing of nutrient-rich coastal waters with 
pelagic waters, consequently shaping the productivity and microbial communities. 
Nitrogen and phosphorus are the two major nutrients in aquatic ecosystems and are 
essential for primary productivity. As such, these nutrients are indicators of ecosystem health and 
susceptibility (Rabalais et al., 1996; Alexander, Smith, and Schwarz, 2000). There has been a 
documented increase in nitrogen and phosphorus concentrations in the GoM since the industrial 
revolution in mid-20th century, leading to atypically increased surface primary productivity and 
eutrophication (Rabalais et al., 2002). These changes have been attributed to excessive use of 
nitrogenous fertilizers in agriculture and combustion of fossil fuels which increased the nutrient 
concentration and loading in the Mississippi river (Rabalais et al., 2002; Turner et al., 2007). This 
increased nutrient flux results in over-enrichment of river water which in turn causes the higher 
primary production in the continental shelf as it flows into the Gulf. The increased productivity 
causes eutrophication on the surface and a corresponding sinking flux of organic and inorganic 
matter, containing dead algae and fecal pellets. Microbial communities decompose this particulate 
matter and grow, thereby decreasing the DO and causing hypoxia which results in oxygen stress 
for pelagic organisms. 
The Gulf of Mexico hypoxic zone, or Dead Zone, is the second largest hypoxic zone in the 
world and covers 20%-50% across the water column (Rabalais et al., 2002), affecting the 
biogeochemical cycles across the region (Rabalais, Turner, and Wiseman Jr, 2002; Bianchi et al. 
2010). The Dead Zone follows a seasonal cycle with an intermittent low DO concentration from 
March to May, and a sustained hypoxia from June through August (Rabalais et al., 1999). This 
pattern follows the Mississippi River discharge which peaks from March to May and is circulated 
throughout summer by the LC into the pelagic GoM. Although the hypoxic zone is studied, 
managed, and forecasted using statistical models (Scavia et al., 2017), less is known about the 
microbial communities in the river plume and the water column in the NGoM causing the hypoxia. 
An ongoing bottom-water hypoxic zone present in the summer (and in progress since 




fragile ecosystem and has decreased the survival rates of fauna across all trophic levels (Rabalais 
et al., 2007). 
 
 
Figure 2. Satellite image of Mississippi river drainage basin and algal bloom in Gulf of Mexico. As the 
river drains through cities (red) and farms (green) across the continental US, the nutrients and sediments 
ultimately get transported to the Gulf of Mexico, where they have been causing hypoxic zones for the past 
three decades due to intense algal blooms (darker colors). Environmental Visualization Lab, NOAA 
(www.nnvl.noaa.gov/MediaDetail2.php?MediaID=1062&MediaTypeID=3&ResourceID=104616) 
 
Microbial Community Dynamics of Gulf of Mexico 
The composition of microbial communities of the GoM has been well characterized using 
NGS over the past decade. A geophysical feature of the NGoM driving the community structure 
is the Mississippi River plume. Nutrient input and unique freshwater taxa from the MR plume 
drive the coastal communities. Depending on the time of year, one study found a decrease in 
diversity from the coastal to pelagic zone (Mason et al., 2016), while a previous study found no 
effect of geospatial distance on diversity (King et al., 2013). Higher diversity was observed in MR 
than in the pelagic ocean, with the outflow potentially enriching pelagic microbes by introducing 
higher nutrient content or non-marine microbes (Mason et al., 2016). In the hypoxic Dead Zone, 




The major factor driving microbial communities across the GoM is depth, with 
communities differing across the euphotic, mesopelagic, and bathypelagic zones (King et al., 
2013). Alphaproteobacteria and Bacteroidetes dominate the upper layers while 
Gammaproteobacteria and Thaumarchaeota are the most abundant taxa in deeper layers. The GoM 
also has high amount of hydrocarbons due to the presence of numerous methane seeps and vents 
which may influence microbial communities in the aphotic zone (Rakowski et al., 2015). Studies 
on the impact of events such as the Macondo blowout and the following DWHOS have shown that 
microbial communities responded to the increased hydrocarbon in the water with an increase in 
hydrocarbon-degrading Gammaproteobacteria (Joye, Teske, and Kostka, 2014). The effects of the 
oil spill and resultant change in pelagic microbial communities was also observed in beach samples 
off Louisiana, showing the relatively quick coastal impacts with presence of hydrocarbon-
degrading taxa such as Gammaproteobacteria (Lamendella et al., 2014). 
With fewer functional studies on the pelagic GoM, the interaction and effects of 
oceanographic features such as MR plume and the LC, and events such as the DWHOS, on 
community dynamics are not clearly understood. Given the lack of baseline data, the DEEPEND 
Consortium aims to characterize the structure and function of microbial communities across the 
NGoM (Sutton et al., 2017). Analysis from the biannual cruises from 2015 showed strong depth 
selection of microbial communities, correlated with salinity and turbidity at upper layers and 
circulation patterns at depth (Easson and Lopez, 2019). While much is known about the 
community composition and diversity, the metabolic roles of these microbes and their interaction 
with regional environmental features is less known. A subsequent study on predictive functional 
data from one of the cruises from Easson and Lopez, DP02 (August 2015), analyzed xenobiotic 
metabolism across the NGoM (Bos et al. 2018). This thesis uses microbial sequence data, 
predictive algorithms, and ETOPO1 (Amante and Eakins, 2009) bathymetry data to identify and 
characterize the structure and function of microbial communities from the NGoM to assess natural 






 The primary goal of this study was to characterize the functional composition of pelagic 
microbial communities of GoM using the predictive approach of the PICRUSt pipeline. The 
following hypotheses were tested -  
• Temperature is the major environmental variable driving inferred microbial community 
function across NGoM.  
• Coastal microbial communities are functionally distinct from pelagic communities. 
Functional parameters will outline the presence and extent of a hypoxic zone across coastal 
sampling sites. 
• Archaeal phyla, anaerobic metabolism, and loop current isolate the bathypelagic into a 
functionally distinct zone. 
• Integrating previously generated DP02 PICRUSt data (Bos et al. 2018) with DP03 and 
DP04 for temporal analyses, functional data will show no significant annual variation in 
surface primary productivity across the three cruises (1.5 years), with significant seasonal 
variation. Data from these cruises will also be analyzed for seasonal and annual ecological 







Microbial Sequence and Environmental data 
Seawater samples from the NGoM were previously obtained from bi-annual cruises in 
2016 as part of the DEEPEND Consortium (Fig 3). Sample processing and sequence data made 
available for this study were previously generated by Dr. Cole G. Easson. The two cruises from 
2016 analyzed in this study for community structural and functional analyses sampled 9 stations 
during 30 April-14 May (DP03), and 12 stations during 5-9 August (DP04). Seawater was 
collected at each station across four depth zones: Surface (0-10m), Epipelagic (20-200m), 
Mesopelagic (201-1000m) and Bathypelagic (1000-1600m). Each station had day and night 
sampling across the four depth zones (Table 1). Sampling stations were also classified based on 
the mesoscale-level water classification given by Johnston et al (2019). Based on sea-surface 
height and temperature, stations were classified as present in common water, LC, or mixed water, 
with mixed water defined as intermediate to common water and LC. Environmental parameters 
included in the analyses for this study include temperature, salinity, chlorophyll a concentration, 
and dissolved oxygen (for complete environmental data mapping table see Appendix I). 
Seawater was filtered through 0.45 µm filter membranes, and DNA was extracted following 
standard Earth Microbiome Project (EMP) protocols. The V4 hypervariable region of the 16S 
rRNA gene was amplified using primers 515F and 806R and sequenced on Illumina MiSeq by Dr. 
Cole G. Easson (for detailed methods, see: Easson and Lopez, 2019). The resulting raw paired-
end sequence data for a total of 476 microbial samples from cruises DP03 (n=293) and DP04 
(n=183) used for this study is publicly available from the NCBI Sequence Read Archive database 
(www.ncbi.nlm.nih.gov/sra) under Accession #PRJNA429259, and the Gulf of Mexico Research 
Initiative Information and Data Cooperative (GRIIDC) (https://data.gulfresearchinitiative.org, 
RFP-IV, DEEPEND) database under UDI R4.x257.228:0008. Nine ONOFF samples from DP03 
were excluded from further analyses as they were collected during transition between stations and 
not from a specific station site, and CTD41.S.2 was lost during taxonomic assignment, resulting 
in a total of 283 samples for cruise DP03. The respective environmental data is available on 
GRIIDC under UDI R4.x257.230:0011 (DP03) and R4.x257.230:0012 (DP04). PICRUSt data has 






    Figure 3. DP03 DP04 Sampling stations. DP03 cruise covered 9 stations and DP04 cruise covered 12 












Table 1. Sampling summary. Sample location and cruise description. 
Microbial samples from each station and depth had 3 replicates (included). 
Cruise DP03 DP04 
Dates 30 April - 14 May 2016 5 - 9 August 2016 
Season End of Spring End of Summer 
# Stations 9 12 
CTD casts 23 15 
Surface (0-10m) 57 45 
Epipelagic (20-200m) 76 48 
Mesopelagic (201-1000) 104 45 
Bathypelagic (1000-1600m) 56 45 
Total 293 183 
 
Taxonomic Assignment 
Taxonomic assignment of 16S sequence data was carried out on Quantitative Insights Into 
Microbial Ecology (QIIME) ver. 1.9.1 (Caporaso et al., 2010). The metadata mapping file was 
validated using the validate_mapping_file.py script with options to disable BarcodeSequence (-b) 
and LinkerPrimerSequence (-p) check. The script multiple_split_libraries_fastq.py, with the 
option Phred_offset 33, was run on the per-sample sequence data for demultiplexing. 
Demultiplexed data was then used as input to assign taxonomy and pick OTUs using the 
pick_closed_reference_otus.py script, the standard 97% sequence similarity cutoff, and 
Greengenes ver. 13.8 (DeSantis et al., 2006) as the reference database. The output was a per-
sample OTU abundance table in Biological Observation Matrix (BIOM) format. This workflow 
and options were recommended for the data to be compatible with the PICRUSt pipeline (Langille 
et al., 2013). The BIOM table was converted to text format using biom convert script and options 
--to-tsv and --header-key taxonomy (for complete script see Appendix II). 
 
Functional Prediction 
Functional inference of sequence data was carried out using PICRUSt ver. 1.1.3 (Langille 
et al., 2013) using command-line interface locally in the Python-based Conda programming 




normalize_by_copy_number.py to normalize the OTU abundance for gene copy number. This 
script normalizes OTU abundance for variation in the 16S gene copy number across species. Per-
sample functional predictions are then carried out based on Kyoto Encyclopedia of Genes and 
Genomes (KEGG) database Orthologs (KO) using the corrected OTUs, using the script 
predict_metagenomes.py (Kanehisa et al., 2007). KOs uniquely store molecular-level functions 
for orthologs. Weighted Nearest Sequenced Taxon Index (NSTI) values were also calculated with 
the option -a --with_confidence. NSTI values are calculated to check for phylogenetic distance 
between samples and the closest related sequenced genome in reference databases. KOs were then 
combined into biological pathways using categorize_by_function.py (Fig 4). The final output is a 
per-sample functional pathways abundance table based on the KEGG database (for complete script 
see Appendix II). 
 
 
Figure 4. PICRUSt Workflow. General workflow of PICRUSt ver. 1.1.3 for metagenomic inference. OTU 






Depth profiles for temperature, salinity, chlorophyll a, and DO were generated in MS 
Excel. Whole abundance OTU and PICRUSt data was summarized by depth zone using the QIIME 
script summarize_taxa_through_plots.py. Further statistical analyses were carried out in R Studio 
ver. 1.1.453 using the packages ggplot2, clusterSim, and vegan (Oksanen et al., 2011). Raw OTU 
abundance data was cleaned up to reduce noise by removing OTUs that were present once or had 
a total absolute abundance of 1. Due to the dilute nature of microbial communities in the marine 
environment, the Quality Control (QC) cleanup process for OTU abundance was less stringent 
than other microbial environments, such as freshwater or soil, to ensure sufficient coverage across 
samples. Whole abundance OTU and PICRUSt tables were then normalized across each sample 
using the option n10 of the data.Normalization function of clusterSim package. All further 
statistical tests were conducted on the relative abundance data. 
 Taxonomic and functional data were analyzed using the package vegan in R Studio. Beta 
diversity was analyzed using Bray-Curtis dissimilarity. Beta diversity refers to between-sample 
differences. Bray-Curtis is a dissimilarity distance matrix widely used in microbial ecology 
statistics to study the compositional structure as it takes into account the null observances. Bray-
Curtis dissimilarity was calculated using the vegdist function. Principal Coordinate Analysis 
(PCoA) was used to visualize this dissimilarity matrix in a two-dimensional plot using the function 
betadisper. The function adonis was used for pairwise comparison between Bray-Curtis 
dissimilarity and environmental data. To find the features causing the (dis)similarity, the simper 
function was used which calculates Similarity of Percentages. For temporal analyses, previously 
generated DP02 PICRUSt data (Bos et al. 2018) was integrated with DP03 and DP04. Functional 
data from DP02 (August 2015) provides an additional timepoint and statistical depth to analyze 





DP03-DP04 Cruise and Sequence Data 
Following EMP Ontology (EMPO) classification, the microbial environment for this study 
is defined as free-living (level 1), saline (level 2), and surface and water (level 3) (Thompson et 
al., 2017). As community structure and dynamics differ between environment types, EMPO 
classification helps standardize organization of microbial environments and data types which will 
further facilitate reference-based analyses. Cruise DP03 was undertaken during the end of spring 
season which sees a higher outflow of MR river, lower surface temperatures and just before the 
onset of hypoxia (Rabalais, Turner, and Wiseman Jr, 2002). Cruise DP04 was undertaken near the 
end of summer season which sees a relatively less outflow from MR, has higher surface 
temperatures, and is after the hypoxia season. Sampling depths in the epipelagic zone corresponded 
to the deep chlorophyll maximum (DCM) and in the mesopelagic zone to oxygen minimum zone 
(OMZ). 
Raw 16S sequence data was summarized using FastQC (Andrews, 2010) and MultiQC 
(Ewels et al., 2016) on the Galaxy platform (Afgan et al., 2018). DP03 consists of an average 
77,152 sequences per sample with an average sequence length of 253 bp. Samples with duplicate 
MiSeq sequencing runs were combined to get accurate averages. DP04 sequence data consists of 
average 107,738 sequences per sample with an average sequence length of 251 bp. 
 
Taxonomic Analyses – Composition and Structure 
Closed-reference OTU picking on QIIME based on the Greengenes 13_8 database resulted 
in a total of 12,824 raw OTUs for DP03 and 10,423 raw OTUs for DP04. After QC cleanup, a total 
of 466 samples (DP03=283, DP04=183) were analyzed for community composition and structure. 
 OTU data was summarized using the summarize_taxa_through_plots.py script in the 
QIIME platform. Average relative abundance of OTUs across depth zones shows that 
Proteobacteria was the dominant microbial phyla (DP03: 45.3%, DP04: 48.4%), followed by 
Cyanobacteria (DP03: 18.6%, DP04: 16.2%) (Fig. 5). For DP03, these were followed by 




zones, while for DP04 it was Euryarchaeota (6.3%), Bacteroidetes (6.1%), and SAR406 (4.9%). 
Specifically, at individual depth zones, relative abundance of Proteobacteria increased from the 
sunlit euphotic zone (surface+epipelagic) (DP03: 38.0%, DP04: 43.15%) to the aphotic zone 
(mesopelagic+bathypelagic) (DP03: 52.55%, DP04: 53.75%) (Fig. 6, 7). The relative abundance 
of Cyanobacteria decreased sharply from the euphotic (DP03: 33.8%, DP04: 31.4%) to aphotic 
zone (DP03: 3.45%, DP04: 1.0%), being replaced by Crenarchaeota (12.7%) during DP03 and 
Euryarchaeota (9.0%) during DP04. 
 
 
Figure 5. Average Relative Abundance of Top 10 Phyla for DP03 and DP04. Percent relative 
abundance of major phyla from cruise DP03 and DP04 cruise representing 97.5% and 97.6% of taxa 






Figure 6. DP03 Relative Abundance of Major Phyla by Depth Zone. Top seven abundant Phyla from 
cruise DP03 representing 93.9% of taxa. Dashed lines represent abundance of taxa decreasing from 







Figure 7. DP04 Relative Abundance of Major Phyla by Depth Zone. Top eight abundant Phyla from 
cruise DP03 representing 93.6% of taxa. Dashed lines represent abundance of taxa decreasing from 
surface to bathypelagic. Abundance of Proteobacteria increased with depth, while that of Cyanobacteria 
decreased. 
 
Initial Beta-diversity analyses were carried out using the beta_diversity_through_plots.py 
script in QIIME. Beta diversity is used to analyze differences between samples. Weighted UniFrac 
is a quantitative method used to calculate distance between communities which also takes into 
account the phylogenetic relatedness of the OTUs (Lozupone and Knight, 2005). Microbial 
community composition varied significantly across depth zones (adonis test: df = 3, F = 95.476, 
R2 = 0.50657, p<0.001) which explained 50.6% of the variation in DP03 and 65.9% in DP04. The 
distance between samples in DP03 and DP04 and the spread across depth zones were visualized 




index reinforce the spread of taxa based on depth zones (Fig. 8, 9). Bray-Curtis index is based on 
the OTU abundance data. 
 
Figure 8. DP03 Taxa Bray-Curtis PCoA. Principal Coordinate Analysis (PCoA) plot for DP03 cruise 
taxa. Taxa from the euphotic zone (surface+epipelagic) cluster separate from aphotic zone 






Figure 9. DP04 Taxa Bray-Curtis PCoA. PCoA plot for DP04 cruise taxa. Taxa from surface and 
epipelagic (DCM) cluster independent from each other and from the aphotic zone. 
 
 For DP03, the primary taxa causing a difference between epipelagic to mesopelagic were 
OTUs 355538, 557211, 823476, and 884345. OTUs 355538 of Cyanobacteria (genus 
Prochlorococcus) and 884345 of Gammaproteobacteria (family SUP05) were significantly 
different (SIMPER, p<0.01). For DP04, the primary OTUs significantly different from surface to 
epipelagic were 823476 (SIMPER, p<0.01) of Gammaproteobacteria (family Alteromonadaceae), 
and 557211 and 427495 (SIMPER, p<0.01) of Cyanobacteria (genus Synechococcus). Between 
epipelagic and mesopelagic, OTU 823476 of Gammaproteobacteria (family Alteromonadaceae) 
was the primary taxa causing a significant change (SIMPER, p<0.01), followed by 355538 of 
Cyanobacteria (family Synechococcaceae). 
A CCA test was conducted using a forward-selecting model building function to analyze 
the effects of environmental variables on taxonomic composition. Environmental variables 
explained 14.3% (DP03) and 32.7% (DP04) of the variation across water column, with temperature 






Figure 10. DP03 Taxa CCA. Canonical Correlation Analysis (CCA) plot showing correlation of 
environmental variables with taxonomic abundance from DP03 cruise. Variables explained 14.3% of the 





Figure 11. DP04 Taxa CCA. CCA plot showing correlation of environmental variables with taxonomic 
abundance from DP04 cruise. Variables explained 32.7% of the variation, with temperature as the major 
environmental driver. 
 
Functional Analyses – Composition and Structure 
Weighted NSTI values were calculated as recommended by Langille et al. (2013). Mean 
weighted NSTI values for DP03 (0.17 ± 0.042) and DP04 (0.17 ± 0.047) were relatively high, 
indicating fewer marine metagenomes available in reference databases. PICRUSt output resulted 
in a total of 310 KEGG level 3 functional pathways for DP03 and 314 pathways for DP04. 
PICRUSt data was also summarized using the summarize_taxa_through_plots.py script after 
reorganizing the raw functional abundance output into a QIIME-compatible BIOM format. 
Average relative abundance of KEGG level 1 pathways across the water column shows that 
Metabolism was the dominant functional category (DP03: 53.1%, DP04: 52.4%) (Fig. 12). The 
next known abundant pathway was Genetic Information Processing (GIP) (DP03: 18.0%, DP04: 




was followed by Environmental Information Processing (EIP) (DP03: 11.0%, DP04: 11.0%), 
which consists of pathways such as membrane transport and signal transduction at level 2. 
 
Figure 12. Average Relative Abundance of all KEGG Level 1 Functional Pathways from DP03 and 
DP04. Based on relative abundance, Metabolism was the most abundant pathway for both cruises 
(DP03: 53.1%, DP04: 52.4%), followed by Genetic Information Processing. 
 
For KEGG level 2 analyses, percentages are calculated across respective KEGG level 1 
pathways. The most abundant metabolic pathway was amino acid metabolism (DP03: 21.3%, 
DP04: 21.2%), followed by carbohydrate metabolism (DP03: 18.7%, DP04: 18.6%) (Appendix 
III). The abundance of amino acid metabolism and carbohydrate metabolism, increased with depth, 
while the following two, energy metabolism and metabolism of cofactors and vitamins, decreased 
(Fig. 13, 14). Among GIP and EIP, membrane transport and replication and repair processes 
decreased with depth, while translation, signal transduction  and folding, sorting and degradation, 





Figure 13. Average Relative Abundance of KEGG Level 2 Metabolic Pathways from DP03. Depth 
profiles of KEGG level 2 pathways under the level 1 category of Metabolism, representing 91.2% of 







Figure 14. Average Relative Abundance of KEGG Level 2 Metabolic Pathways from DP04. Depth 
profiles of KEGG level 2 pathways under the level 1 category of Metabolism, representing 90.9% of 







Figure 15. Average Relative Abundance of KEGG Level 2 GIP and EIP Pathways from DP03. Depth 
profiles of KEGG level 2 pathways under the level 1 of Genetic Information Processing and 
Environmental Information Processing for cruise DP03. Dashed lines represent pathway abundance 






Figure 16. Average Relative Abundance of KEGG Level 2 GIP and EIP Pathways from DP04. Depth 
profiles of KEGG level 2 pathways under the level 1 of Genetic Information Processing and 
Environmental Information Processing for cruise DP04. Dashed lines represent pathway abundance 
decreasing from surface to bathypelagic. Inset- overall relative abundance of GIP and EIP. 
 
Further analyses were centered on metabolism at KEGG level 2 and 3 pathways. At the 
finest functional resolution, KEGG level 3, metabolic functions varied significantly across 
individual depth zones (adonis test, DP03: p<0.001, DP04: p<0.001). PCoA plots based on Bray-
Curtis distance of KEGG level 3 metabolic functions showed that metabolism in the surface and 
epipelagic zones clustered distinct from that in mesopelagic and bathypelagic zones, with a slight 







Figure 17. DP03 Metabolism Bray-Curtis PCoA. Clustering of metabolism in euphotic and aphotic zone 
based on a PCoA plot. The difference in function between epipelagic and mesopelagic (8.8%, SIMPER) 






Figure 18. DP04 Metabolism Bray-Curtis PCoA. Distinct clustering of metabolism in euphotic and 
aphotic zone based on a PCoA plot. The difference in function between epipelagic and mesopelagic 
(8.36%, SIMPER) was more than that between other consecutive depth zones. 
 
Across consecutive depth zones, the largest difference was between epipelagic and 
mesopelagic (SIMPER summary, DP03: 8.8%, DP04: 8.36%), twice more than surface-epipelagic 
and mesopelagic-bathypelagic. The major pathways significantly different between epipelagic and 
mesopelagic were photosynthesis proteins, photosynthesis, and porphyrin and chlorophyll 
metabolism (SIMPER cumulative sum, DP03: 25.1%, DP04: 27.7%) (Table 2). These were 
followed by methane metabolism (DP03: 3.7%, DP04: 3.4%). 
A CCA test was conducted using a forward-selecting model building function to analyze 
the effects of environmental variables on community function. Environmental variables explained 
63.2% (DP03) and 77.3% (DP04) of the variation across water column, with temperature being 




features, metabolism across stations of both cruises was significantly different in the euphotic 
(adonis test, p<0.001) and aphotic zones (adonis test, p<0.002). Across common water, mixed 
water, and LC water classifications, metabolism was significantly different across euphotic zones 
of both cruises (adonis test, p<0.001) and across aphotic zone in DP03 (adonis test, p<0.05). 
However, metabolism was not different across aphotic zone of DP04. 
 
Figure 19. DP03 Metabolism CCA. CCA plot showing correlation of environmental variables with 
metabolic functional abundance from DP03 cruise. Temperature was the major environmental driver, 






Figure 20. DP04 Metabolism CCA. CCA plot showing correlation of environmental variables with 
metabolic functional abundance from DP03 cruise. Similar to DP03, temperature was the major 
environmental driver, explaining 67.9% of the variation. 
 
Temporal Analyses – Structure and Dynamics 
Stratification of the oceanic water column in summer seasons was evident as depth zones 
explained 70.6% variation in metabolism during DP04 as compared to 63.6% variation during 
DP03. Functional abundance data from three cruises, DP02, DP03 and DP04 was used for the 
following temporal analyses. Microbial metabolism was significantly different across seasons of 
May and August (adonis test, dF = 1, F = 14.133, R2 = 0.02305, p<0.001). The top three differential 
metabolic functions across seasons were photosynthesis proteins, photosynthesis, and porphyrin 
and chlorophyll metabolism (SIMPER, cumulative sum 22.1%). Metabolism was also 
significantly different annually across 2015 and 2016 (adonis test, dF = 1, F = 22.476, R2 = 
0.03617, p<0.001). Although the top three differential functions were the same as those across 




photosynthetic functions were significantly different across DP03-DP04 (SIMPER, p<0.01), and 
not across DP02-DP03 or DP02-DP04. Overall, metabolism across seasons and year was more 





Microbial ecology studies have increased rapidly in the past decade, owing to the 
technological and computational advancements in molecular NGS and biological data analysis 
techniques (Franzosa et al., 2015; Stephens et al., 2015). These approaches have facilitated whole 
microbial community, or microbiome, analyses, as opposed to the classical microbiology of 
cultivable in situ single gene or species analyses. Large scale projects such as Human Microbiome 
Project (Huttenhower et al., 2012) and EMP (Gilbert, Jansson, and Knight, 2014; Thompson et al., 
2017) employ these approaches extensively to study the structure and function of microbiomes 
across various environments. In the natural environment, microbes are the major drivers of 
biogeochemical cycles, cycling major elements and nutrients such as carbon and nitrogen, across 
soil and water. They are primary producers and decomposers in the most ubiquitous and extreme 
ecosystems. This means that microbial communities are strongly linked to the environment and 
respond to ecological changes brought on by seasonal, geological, or anthropogenic events. 
Studying the environmental microbiomes can thus indicate how these environmental changes will 
affect the higher trophic levels. 
Marine microbial communities constitute a significant portion of the ocean biomass and 
are the sole primary producers across depth zones. However, they have only recently been studied 
for structure, function, distribution, and dynamics. Large-scale studies such as GOS (Rusch et al., 
2007), Malaspina expedition (Duarte, 2015), and Tara Oceans (Sunagawa et al., 2015) studied 
global ocean trends and dynamics of microbiome. Small-scale studies analyzed regional microbial 
profiles, studying local effects of currents and drainage, and found distinct community structure 
across freshwater and marine water bodies. To this end, one of the goals of the DEEPEND 
consortium is to establish a baseline for microbial community structure and dynamics across the 
NGoM (Sutton et al., 2017). As part of this goal, the primary objective of this study was to 
characterize the functional profiles of the NGoM microbiome. Overall, a total of 466 16S rRNA 







Taxonomic Composition and Structure 
 Before analyzing the functional dynamics, it is informative to look at the taxonomic 
dynamics of the NGoM microbiome during two different seasons in 2016. The overall taxonomic 
composition and structure was consistent with other marine environments, with Proteobacteria 
being the most abundant phylum, followed by cyanobacteria. Proteobacteria increased with depth, 
with overall relative abundance of class Gammaproteobacteria more than Alphaproteobacteria. 
Gammaproteobacteria was more abundant in the bathypelagic, while Alphaproteobacteria was 
more abundant at surface. This trend has been reported to vary from that in most other marine 
water bodies and the global ocean, where abundance of Gammaproteobacteria is higher (King et 
al., 2013; Sunagawa et al., 2015). This variation in trend has been attributed to higher amounts of 
hydrocarbons in the deep NGoM compared with other deep pelagic habitats, which support the 
growth of Gammaproteobacteria. Genus Pseudoalteromonas of this phylum specifically responds 
strongly to the presence of hydrocarbons (King et al., 2013). In DP03, the relative abundance of 
Pseudoalteromonas in bathypelagic was 7.4%, while in DP04 it was 1%. The higher abundance 
may also indicate hypoxic conditions at depths, leading to more utilization of hydrocarbons. 
Another explanation for this varying trend may be due to the 515F-806R primer bias which is 
known to underestimate the Alphaproteobacterial clade SAR11 or overestimate 
Gammaproteobacteria (Parada et al., 2016; Easson and Lopez, 2019). 
Abundance of cyanobacteria abundance decreased with depth due to decreasing sunlight, 
although Cyanobacteria was observed in low abundance even beyond the euphotic zone. This trend 
has been suggested due to the role of cyanobacteria in sinking particle flux (Sunagawa et al., 2015). 
Another possible explanation for the presence of cyanobacteria in the deeper layers is the variation 
in abundance of genus and species-level taxa, and ecotypes within, which are better adapted to low 
light conditions (Hess, 2004). Abundance of cyanobacteria was higher in DP03 than DP04, 
indicating higher primary production in the spring season. Actinobacteria phyla also had higher 
relative abundance in DP03, which has been proposed as a microbial freshwater signature (Mason 
et al., 2016). Archaeal phyla Crenarchaeota and Euryarchaeota increased in abundance from 
surface to bathypelagic (Fig. 6, 7). It must be noted that due to the use of Greengenes 13.8 database 
as reference for OTU picking, Thaumarchaeota is ranked as a class under Crenarchaeota. 




al., 2008). In the bathypelagic, relative abundance of Thaumarchaeota was higher in DP03 (10.6%) 
than in DP04 (6.6%). This is consistent with previous reports of higher abundance of Ammonia 
Oxidizing Archaea, primarily Thaumarchaeota, in the hypoxic zone (Campbell et al., 2019; 
Bristow et al., 2015). Combined with higher abundance of Pseudoalteromonas in the early summer 
of DP03, these trends may possibly indicate the onset of a bottom-water hypoxia. While the beta-
diversity trends of family or genus-level taxa within each of these classes might vary across depth, 
since lower-level taxa are still grouped phylogenetically, a class-level analysis offers a broad 
resolution in terms of taxonomic analyses. 
PCoA plots based on Bray-Curtis dissimilarity index display a major shift in taxonomic 
composition from euphotic to aphotic zone, as surface and epipelagic cluster distinct from 
mesopelagic and bathypelagic, with some overlap during end of spring season (Fig. 8, 9). This 
trend has also been reported for other studies on the NGoM, including DEEPEND cruise DP02, 
and the global ocean (King et al., 2013; Sunagawa et al., 2015; Easson and Lopez, 2019). A CCA 
test was carried out to study the effect of physicochemical environmental variables (Fig. 10, 11). 
The environmental variables included were temperature, salinity, DO, and chlorophyll a 
concentration. These variables together explained 14% and 26% of the variation in taxonomic 
structure, with temperature being the major environmental driver (Table 2). While the microbial 
communities are structured along depth zones, temperature, and not individual sampling depth, 
was the major environmental driver. This was also found in the cruise DP02 (Easson and Lopez, 
2019). The thermal stratification during summer months was evident in the PCoA and CCA 
analyses of DP04. Depth was the second major environmental driver after temperature in DP04, 
while in DP03 it was DO. In DP04, the surface and epipelagic also cluster quite distinctly from 
mesopelagic and bathypelagic, while in DP03, there is slight overlap from epipelagic to 
mesopelagic. This is also why temperature explained almost twice as much variation in DP04 







Table 2: CCA of environmental variables on OTUs. Effect of environmental variables on
 community taxonomic composition of DP03 and DP04 showed temperature as the major
 environmental driver. 
Cruise Environmental 
variable 





+ Temperature  0.002 0.081 
+ DO 0.002 0.025 
+ Chla 0.002 0.020 









+ Temperature  0.002 0.152 
+ Salinity 0.002 0.058 
+ Depth 0.002 0.052 
+ DO 0.002 0.046 
<All variables>  0.327 
 
Functional Composition and Structure 
Depth Stratification of Microbial Function 
The functional profiles of microbial communities, inferred using the PICRUSt approach, 
showed metabolism as the most abundant functional category at KEGG level 1 for both DP03 and 
DP04 (relative abund. > 50%) (Fig. 12). At KEGG level 2 of metabolism, amino acid metabolism 
and carbohydrate metabolism were the most abundant pathways (Fig. 13, 14). Amino acid 
metabolism is a functional group that consists of specific pathways such as Histidine metabolism 
and Tryptophan metabolism. Carbohydrate metabolism consists of pathways such as Pyruvate 
metabolism and Glycolysis. A targeted functional study on carbon source utilization by surface 
microbial communities from the Arabian Sea also found carbohydrates and amino acids as the 
most utilized substrates (Kumar, Mishra, and Jha, 2019). Relative abundance of amino acid 
metabolism and carbohydrate metabolism increased with depth and were the most abundant in 
deeper waters, indicating higher biochemical function. The next two abundant pathways, energy 
metabolism and metabolism of cofactors and vitamins, decreased with depth, primarily due to the 
decrease in photosynthetic activity as categorized in KEGG level 3 (Fig. 13, 14). Based on the 




processes necessary for survival as abundance of transcription and translation pathways increased, 
while membrane transport and replication and repair decreased (Fig. 15, 16). Specifically, high 
genetic function was noted in the bathypelagic zone as Purine metabolism was the most abundant 
pathway in both the cruises. 
All further analyses were centered on the level 3 pathways of most abundant level 1 
function, metabolism. Metabolism was significantly different across depth zones for both cruises 
(adonis test, p<0.001). As the physicochemical parameters change noticeably from euphotic to 
aphotic zone, microbial communities adapt to this change by having a major functional shift. A 
PCoA plot based on Bray-Curtis index helps visualize this dissimilarity in metabolic abundance 
(Fig. 17, 18). Photosynthesis proteins, photosynthesis, and Porphyrin and chlorophyll metabolism 
were the major differential pathways between epipelagic and mesopelagic zones, accounting for 
25% and 28% of functional abundance for DP03 and DP04 respectively (Table 3, 4). This shift in 
function quantitatively supports the significance of sunlight and photosynthesis in driving the 
oceanic microbial function, as a major portion of the photosynthesis-derived organic carbon is 
exported to deeper layers (Falkowski, Barber, and Smetacek, 1998; Mestre et al., 2018). Thus any 
changes in microbial function in the euphotic zone will lead to changes in community function 
across depth zones, in turn affecting availability of organic material to higher trophic levels and 
global biogeochemical cycles (Falkowski, Barber, and Smetacek, 1998). 
Table 3: SIMPER test on metabolic pathways of DP03. Major pathways causing functional shift
 from epipelagic to mesopelagic in DP03. 




Photosynthesis proteins 0.01 0.11 
Photosynthesis  0.01 0.20 





Methane metabolism 0.01 0.29 






Citrate cycle (TCA cycle)  0.01 0.35 
Butanoate metabolism 0.01 0.38 





Table 4: SIMPER test on metabolic pathways of DP04. Major pathways causing functional shift
 from epipelagic to mesopelagic in DP04. 




Photosynthesis proteins 0.01 0.12 
Photosynthesis  0.01 0.21 





Methane metabolism 0.01 0.31 






Citrate cycle (TCA cycle)  0.01 0.375 





Contrary to early theories, studies in the past two decades have shown that microbes are 
present and active in the deep pelagic (Arístegui et al., 2009). In this study, the energy metabolism 
of microbial communities switched from light-dependent photosynthesis in the euphotic zone, to 
chemosynthetic processes such as methane metabolism, other sources of carbon fixation, and 
butanoate metabolism in the aphotic zone. A post-oil spill study from the DWHOS site found high 
amounts of methane in the deep pelagic, accounting for 15% of the released hydrocarbons (Reddy 
et al., 2012). Microbial studies in the months following the oil spill found high abundance of 
methanotrophic bacteria and low abundance in the following month, suggesting insufficient 
methane consumption (Joye, Teske, and Kostka, 2014). For this study in 2016, methane 
metabolism was slightly higher in May (DP03: 2.2%) as compared to August (DP04: 2.15%), with 
highest abundance in the mesopelagic zone. 
Quantitative studies based on Net Primary Productivity (NPP) by definition do not include 
carbon fixed by non-photosynthetic processes, which primarily occur in the aphotic zone, making 
it important to study those processes and include them in biogeochemical budgets (Orcutt et al., 
2011). As photosynthesis is replaced by chemosynthetic processes as the method of primary 
productivity in the sunlight-deprived aphotic zone, studying these processes can help identify 
dynamics of processes driving microbial communities. Activity of microbial communities in the 




Mestre et al., 2018). Microbes are known to colonize this particle flux, called marine snow, due to 
their high organic matter content. The switch in function between euphotic and aphotic zone may 
also be attributed to this increased reliance on readily available organic carbon as energy source 
(Orcutt et al., 2011). Targeted deep ocean studies may be required to tease apart the function and 
driving factors of particle flux-associated microbes versus free-living communities and how much 
do they contribute to marine nutrient cycles and global biogeochemical cycles. 
Environmental Drivers and Functional Redundancy 
Environmental variables often explain more variation in community function more 
composition (King et al., 2013; Thompson et al., 2017). For cruises DP03 and DP04, 
environmental variables explained 63% and 77% variation in metabolic function respectively. 
Temperature was the major environmental driver and positively correlated with function during 
DP03 and negatively during DP04 (Fig. 19, 20). Even though function varied significantly across 
depth zones (adonis test, p<0.001), temperature, and not individual sampling depth, was the major 
environmental driver of community function across the water column (Table 5). Temperature 
explained only 8.1% and 15.2% variation in taxa, while it explained 55.4% and 68% of variation 
in function (Table 2, 5). This underlines the significance of temperature in driving local microbial 
community structure and function along with its influence across global marine environments 
(Sunagawa et al. 2015; Thompson et al., 2017). This difference in community taxa and community 
function is also observed when comparing relative abundance of taxonomic composition and 
metabolic potential. Variation in abundance of phylum-level taxa (relative abund. SD, DP03: 
0.069, DP04: 0.072) was higher than that of metabolic pathways (relative abund. SD, DP03: 
0.0082, DP04: 0.0081). A study on the global ocean microbiome also found high variation in 
taxonomic abundance and relatively stable gene functions (Sunagawa et al., 2015). The results 
above highlight this variation between taxonomic and functional potential of marine microbial 
communities, and support the idea of functional redundancy, where community function more 
closely reflects environmental conditions. 
Taxonomic analyses may not always be conclusive, as a recent study on microbial response 
to oil spill off the South-Eastern coast of India found high abundance of hydrocarbon degraders 
before and after oil spill in sediment and seawater, but enhanced hydrocarbon genes only post oil 




for processes such as HGT and high mutation rates in the taxonomy, which are key for carrying 
out selective functions for niche adaptation (Medini et al., 2005). The pan-genome concept 
addresses this discrepancy by suggesting that the genetic repertoire of a microbe comprises of its 
core genome, which is shared across species and is essential for basic survival functions, and a 
dispensable genome which allows for selective adaptive functions and differentiates between 
strains (Medini et al., 2005; Vernikos et al., 2015). Hence, functional redundancy potentially offers 
a buffering capacity for microbial communities, where the underlying function may remain within 
a small range while the composition may vary considerably (Sunagawa et al., 2015; Louca, 
Parfrey, and Doebeli, 2016). It is this underlying function which is seen more closely associated 
with environmental factors. Nutrient data was not included while testing environmental drivers as 
the Tara Oceans study did not find their significance on a global level (Sunagawa et al., 2015). 
Table 5: CCA of environmental variables on metabolic function. Effect of environmental
 variables on community function of DP03 and DP04 showed temperature as the major
 environmental driver. 
Cruise Environmental 
variable 





+ Temperature  0.002 0.554 
+ DO 0.002 0.043 
+ Chla 0.002 0.019 









+ Temperature  0.002 0.68 
+ DO 0.002 0.053 
+ Chla 0.002 0.025 
+ Salinity 0.002 0.014 
<All variables>  0.773 
 
Microbial Functional Dynamics across the NGoM 
Spatial, Mesoscale, and Temporal Dynamics 
There are varying reports of spatial diversity of microbial taxa in the NGoM, with cases 
for both, presence (Mason et al., 2016; Easson and Lopez, 2019) and absence (King et al., 2013) 




NGoM was significantly different across sampling stations in the euphotic and aphotic zones in 
May (DP03) and August (DP04) of 2016. To further analyze what factors could be causing these 
differences, mesoscale-level water classification, based on sea-surface height and temperature, 
across the GoM was used (Johnston et al., 2019). Sampling stations were classified as present in 
common water, mixed water, or LC region, with mixed water defined as intermediate to common 
water and LC. Function was significantly different across water classification in the euphotic zone 
during both sampling times, May (p=0.007) and August (p=0.001). While microbial function was 
also significantly different across the aphotic zone during May (p=0.023), it was similar in the 
aphotic zone during August (p=0.109). This observation can be explained by the combined effect 
of high residence time and the presence of strong water column stratification. As the water is 
stratified during summer, there is less vertical mixing and the water currents in deeper layers do 
not cause sufficient mixing, leading to similar microbial activity across the deep waters of the 
NGoM and the function in aphotic being effectively isolated from that in the euphotic zone. 
The euphotic zone has been extensively studied for microbial composition and functional 
dynamics across the global oceans, with emphasis on surface primary production as it is 
responsible for ~46% of global primary productivity and feeds the deeper layers with organic 
matter (Logares et al., 2018). However, supply of organic matter is less than the microbial activity 
noted in the aphotic zone, indicating significant primary production (Acinas et al., 2019). Methane 
metabolism is one of the primary methods of fixing inorganic carbon in the deep. Using the 
PICRUSt functional data from sampling stations of cruises DP03 and DP04, relative abundance 
of methane metabolism across the aphotic zone was spatially mapped. The abundance of methane 
metabolism at the site closest to the shore, B175, was higher in late summer of 2016 (Fig. 22) than 
in early spring (Fig. 21), indicating seasonal variation. Another sampling site slightly further 
offshore, B252, had high metabolism throughout both seasons. No correlation was found with 
mesoscale water classification, possibly due to low sample coverage of the LC, a weak LC during 
both cruises or the absence of the LC in bathypelagic. The GoM seabed has high hydrocarbon 
content, including approximately 22,000 methane seeps (Joye et al., 2014). While specific natural 
seeps were not mapped along with the cruise stations, this difference in metabolism across the two 
relatively close sites may be due to the presence of a natural seep at/near station B252 responsible 
for a high steady release of methane, causing increased metabolism than a nearby site. Studies on 




community across water column and needs to be further studied (Rakowski et al., 2015). A longer 
time-scale analysis might also be needed to study temporal changes on microbial methane 
metabolism in the aphotic zone. Due to the higher number of hydrocarbon seeps in the GoM as 
compared with other marine ecosystems, there is higher concentration of methane in the deeper 
layers (Rakowski et al., 2015). These concentrations also increased 10-1000 times after the 
DWHOS (Joye et al., 2011). As methane is a major greenhouse gas and responsible for global 
ocean warming (Lelieveld, Crutzen, and Dentener, 1998), among other large-scale effects, 




Figure 21. GIS Map of Methane Metabolism across Aphotic Zone of the NGoM during DP03. Lighter 
colors stations show low abundance, while darker colors show higher abundance. Stations further 
offshore had high relative abundance of methane metabolism in the aphotic zone. The station closest to 
the shore, B175, had the lowest abundance. The basemap is ETOPO1 bathymetry. Mapped using Equal 





Figure 22. GIS Map of Methane Metabolism across Aphotic Zone of the NGoM during DP04. Lighter 
colors stations show low abundance, while darker colors show higher abundance. Stations further 
offshore had high relative abundance of methane metabolism in the aphotic zone. The station closest to 
the shore, B175, also had the highest abundance, as opposed to low abundance during DP03. The 
basemap is ETOPO1 bathymetry. Mapped using Equal Interval distribution in QGIS ver. 3.8.2.  
 
The strength of association of environmental variables with microbial communities differs 
between taxa and function, with seasonality strongly affecting how these variables drive microbial 
communities (Sunagawa et al., 2015). For the current dataset, environmental variables explained 
more variation of function than of taxa (Table 2, 5). Salinity had a positive correlation with relative 
abundance of metabolism during both time periods, while temperature, oxygen, and chlorophyll a 
were positively correlated during early spring (DP03) and negatively during late summer (DP04) 
(Fig. 19, 20). Along with spatial dynamics, time-series studies of marine microbiomes can help 
determine seasonal and annual patterns, along with potential changes to function caused by 




cruise DP02 (Bos et al., 2018) was integrated with the current study of DP03 and DP04 for 
temporal analyses. The stratification of oceanic depth zones during summer months is also 
reflected in the metabolic structure of microbial communities, with depth zones explaining more 
metabolic variation during August 2016 (DP04) and the distinct clustering of euphotic zones and 
aphotic zones, than in 2016 (DP03). Photosynthetic primary productivity overall was significantly 
different across seasons (May and August), but not annually (2015 and 2016), supporting a 
previous study that also found surface primary productivity differs seasonally (Gilbert et al., 2012). 
Testing for this seasonal variation individually between the three time points of this study, 
photosynthetic functional abundance was found significantly different between May 2016 and 
August 2016, but not between August 2015 and May 2016. While the spring season in the NGoM 
is associated with higher primary productivity than summer, productivity across summer of 2015 
was similar to that of spring 2016. A possible explanation for this deviation may be the presence 
of a strong LC observed during August 2015. Cell abundance studies across the NGoM have shown 
that the upwelling eddies formed due to the LC enhance nutrient mixing across the water column, 
thereby causing an increase in microbial plankton abundance and primary productivity (Williams 
et al., 2015). This deviation may also be due to the lack of sufficient sampling within the LC, as 
only two sites were sampled within the LC during May 2016 (DP03). Long-term seasonal and 
annual sampling in the LC might be needed to verify the above analysis. As the LC and the MR 
outflow are two major mesoscale circulations in the GoM, further studies focused on water 
circulation and microbial community function can help understand potential pelagic effects of the 
increased nutrient loading from the Mississippi River runoff. 
 
Considerations, Developments and Future Applications 
Whole-genome and amplicon sequencing are immensely powerful tools in studying free-
living microbial communities in natural environments such as soil, sediments, and oceans. These 
techniques are often computationally demanding, thus requiring analysis with caution to check for 
computational and/or statistical biases. For this study, PICRUSt NSTI values were relatively high 
(>0.15). NSTI values show the strength of functional predictions and higher values may indicate 
lower confidence. As the functional predictions and OTU taxonomic clustering depend on 




marine microbiomes as there are fewer sequenced marine microbes (Langille et al., 2013). This is 
also why NSTI values from PICRUSt analyses are generally lower for human microbiomes as they 
are better surveyed and the reference databases are more comprehensive. In the current study, this 
can be seen in the relatively high abundance of Unclassified KEGG level 1 category of microbial 
functions (Fig. 12). 
There are primarily three points of concerns in using the PICRUSt approach. The first 
concern arises from the use of reference database Greengenes. As microbial single-gene and 
whole-genome studies are reported, they are added to publicly-accessible reference databases, 
which are then curated. The version of PICRUSt used in this study only accepted taxonomy derived 
from Greengenes, which is a relatively older microbial sequence database and might not contain 
recently surveyed microbes. The second concern is the reliance of PICRUSt on OTUs as 
taxonomic classification. OTUs are known to resolve taxonomy between genus and species level 
due to the 97% sequence clustering. This inability to resolve taxonomy to a finer level leaves out 
the biological variation between microbes, which often have strain-level diversity. To overcome 
this problem, microbial compositional studies are increasingly using the ASV approach which 
resolves taxonomy without clustering thereby accommodating for every nucleotide in 
classification (Callahan, McMurdie, and Holmes, 2017). A third general concern is the overall use 
of 16S rRNA gene. There are some known biases with the selection of variable regions of the 16S 
gene (V4, V5, V6) primers (515F-806R) used in profiling microbial communities (Klindworth et 
al., 2013; Brooks et al., 2015; Willis, Desai, and LaRoche, 2019). With increased specificity and 
sophistication of lab-based sample processing protocols, NGS, bioinformatic, and statistical tools, 
these biases can often be accounted or corrected for (Hughes et al., 2001; Schloss and Westcott, 
2011; Kennedy et al., 2014; Eisenstein, 2018). 
PICRUSt continues to be used in studying aquatic and marine microbial communities with 
reasonably accurate functional inferences, which will potentially improve with the application of 
PICRUSt2 (Douglas et al., 2019). While deep-sequencing metagenomics studies offer in-depth 
insights into the gene content and function of marine microbial communities, they are often 
expensive and computationally intensive. The 16S amplicon-based tools such as PICRUSt thus 




analyzing microbial function to study marine environments. Microbial analyses can also support 
studies on marine chemical data and nutrient cycles. 
Development of high-throughput sequencing standards, single-gene surveys, metagenomic 
surveys, and curation of sequence databases are key methods to accurately analyze microbial 
communities in natural environments. As marine microbial community composition and function 
has evolved distinctively from other natural environments, a marine environment-specific database 
such as OMRGC (Sunagawa et al., 2015) can serve as a repository and reference database for 





The current study is the first comprehensive report of microbial community function from 
surface to bathypelagic zone across the pelagic Northern Gulf of Mexico. Metabolic functional 
data across cruises in May and August of 2016 showed strong depth stratification, with a major 
shift in function from the euphotic to aphotic zone. Photosynthetic functional signatures such as 
photosynthesis proteins and photosynthesis metabolism were the major functions driving this shift. 
Sunlight-dependent primary productivity at the surface was replaced by methane metabolism as 
the most abundant pathway for primary productivity in the aphotic zone. Methane metabolism in 
the aphotic zone mapped across the sampling sites showed high abundance in the farthest sites. 
Analysis of association of physicochemical environmental variables showed temperature as the 
major driver among other parameters: salinity, absolute depth, chlorophyll a concentration, and 
dissolved oxygen. Environmental variables overall also had a stronger correlation with function 
(63% and 77%), explaining more variation than taxonomic composition (14% and 26%). 
Metabolic function was also significantly different across the euphotic and aphotic zone of 
both sampling seasons, indicating spatial variability. Based on mesoscale water classification, 
common water, mixed water and Loop Current, function was found similar across the deeper layers 
of the NGoM during late summer, August 2016, which may be attributed to a strong stratification 
of water column. Previously analyzed data from an earlier cruise in August 2015, was included for 
temporal analyses. Photosynthetic primary productivity overall was significantly different across 
seasons (May and August), but not annually (2015 and 2016). This analysis shows potential 
pelagic effects of the Mississippi River as early spring season of May corresponds with a higher 
river outflow. 
Marine microbes are key drivers of the biogeochemical cycles, and studying their function 
can help assess ecological changes and environmental effects which may also affect higher trophic 
levels. The analyses of functional data presented here contribute to studying the dynamics of 
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APPENDIX I Environmental Data Mapping Table 
Combined microbial sample and environmental data mapping table. Original cruise data obtained from the GRIIDC database under 
UDI: R4.x257.230:0011 (DP03) and R4.x257.230:0012 (DP04) 
CTD Identifier Cruise Station mesoscale_feat 
Depth 
(m) Pelagic_zone Temperature Salinity Chla Oxygen NCBI SRA 
CTD31.1600.1 DP03 B082 Common_water 1600 4.Bathypelagic 4.297 34.968 0.01 NA SRR6457113 
CTD31.1600.2 DP03 B082 Common_water 1600 4.Bathypelagic 4.297 34.968 0.01 NA SRR6457087 
CTD31.1600.3 DP03 B082 Common_water 1600 4.Bathypelagic 4.297 34.968 0.01 NA SRR6457092 
CTD31.450.1 DP03 B082 Common_water 450 3.Mesopelagic 8.0095 34.963 0 NA SRR6457114 
CTD31.450.2 DP03 B082 Common_water 450 3.Mesopelagic 8.0095 34.963 0 NA SRR6457174 
CTD31.450.3 DP03 B082 Common_water 450 3.Mesopelagic 8.0095 34.963 0 NA SRR6457173 
CTD31.80.12.1 DP03 B082 Common_water 80 2.Epipelagic 20.4115 36.577 0.597 NA SRR6457086 
CTD31.80.12.2 DP03 B082 Common_water 80 2.Epipelagic 20.4115 36.577 0.597 NA SRR6457085 
CTD31.80.12.3 DP03 B082 Common_water 80 2.Epipelagic 20.4115 36.577 0.597 NA SRR6457095 
CTDS.SWSYS.1 DP03 B082 Common_water 2 1.Surface 25.042 36.289 0.043 NA SRR6457096 
CTDS.SWSYS.2 DP03 B082 Common_water 2 1.Surface 25.042 36.289 0.043 NA SRR6457269 
CTDS.SWSYS.3 DP03 B082 Common_water 2 1.Surface 25.042 36.289 0.043 NA SRR6457268 
CTD32.1600.1 DP03 B082 Common_water 1600 4.Bathypelagic 4.285 34.97 0.007 4.66 SRR6457267 
CTD32.1600.2.2 DP03 B082 Common_water 1600 4.Bathypelagic 4.285 34.97 0.007 4.66 SRR6457266 
CTD32.1600.3 DP03 B082 Common_water 1600 4.Bathypelagic 4.285 34.97 0.007 4.66 SRR6457265 
CTD32.450.1 DP03 B082 Common_water 450 3.Mesopelagic 8.312 34.988 0 2.674 SRR6457264 
CTD32.450.2 DP03 B082 Common_water 450 3.Mesopelagic 8.312 34.988 0 2.674 SRR6457263 
CTD32.450.3 DP03 B082 Common_water 450 3.Mesopelagic 8.312 34.988 0 2.674 SRR6457262 
CTD32.80.10.1 DP03 B082 Common_water 80 2.Epipelagic 19.86 36.528 0.521 3.115 SRR6457272 
CTD32.80.10.2 DP03 B082 Common_water 80 2.Epipelagic 19.86 36.528 0.521 3.115 SRR6457271 
CTD32.80.10.3 DP03 B082 Common_water 80 2.Epipelagic 19.86 36.528 0.521 3.115 SRR6457210 
CTD32.S.11.1 DP03 B082 Common_water 2 1.Surface 24.9435 36.261 0.032 4.677 SRR6457211 
CTD32.S.11.2 DP03 B082 Common_water 2 1.Surface 24.9435 36.261 0.032 4.677 SRR6457208 
CTD32.S.11.3 DP03 B082 Common_water 2 1.Surface 24.9435 36.261 0.032 4.677 SRR6457209 
CTD33.1500.1 DP03 B082 Common_water 1500 4.Bathypelagic 4.3095 34.968 0.01 4.638 SRR6457206 






CTD33.1500.3 DP03 B082 Common_water 1500 4.Bathypelagic 4.3095 34.968 0.01 4.638 SRR6457204 
CTD33.377.1 DP03 B082 Common_water 377 3.Mesopelagic 9.469 35.116 0.005 2.609 SRR6457205 
CTD33.377.2 DP03 B082 Common_water 377 3.Mesopelagic 9.469 35.116 0.005 2.609 SRR6457202 
CTD33.377.3 DP03 B082 Common_water 377 3.Mesopelagic 9.469 35.116 0.005 2.609 SRR6457203 
CTD33.68.10.1 DP03 B082 Common_water 68 2.Epipelagic 21.0005 36.447 1.477 4.419 SRR6457536 
CTD33.68.10.2 DP03 B082 Common_water 68 2.Epipelagic 21.0005 36.447 1.477 4.419 SRR6457535 
CTD33.68.10.3 DP03 B082 Common_water 68 2.Epipelagic 21.0005 36.447 1.477 4.419 SRR6457538 
CTD33.S.12.1 DP03 B082 Common_water 2 1.Surface 25.4345 36.287 0.043 4.651 SRR6457537 
CTD33.S.12.2 DP03 B082 Common_water 2 1.Surface 25.4345 36.287 0.043 4.651 SRR6457532 
CTD33.S.12.3 DP03 B082 Common_water 2 1.Surface 25.4345 36.287 0.043 4.651 SRR6457531 
CTD34.1600.1 DP03 B082 Common_water 1600 4.Bathypelagic 4.278 34.97 0.007 4.66 SRR6457534 
CTD34.1600.2 DP03 B082 Common_water 1600 4.Bathypelagic 4.278 34.97 0.007 4.66 SRR6457533 
CTD34.1600.3 DP03 B082 Common_water 1600 4.Bathypelagic 4.278 34.97 0.007 4.66 SRR6457530 
CTD34.375.1 DP03 B082 Common_water 375 3.Mesopelagic 9.4965 35.125 0 2.568 SRR6457529 
CTD34.375.3 DP03 B082 Common_water 375 3.Mesopelagic 9.4965 35.125 0 2.568 SRR6457457 
CTD34.375.7.2 DP03 B082 Common_water 375 3.Mesopelagic 9.4965 35.125 0 2.568 SRR6457458 
CTD34.50.10.1 DP03 B082 Common_water 50 2.Epipelagic 22.641 36.783 0.999 4.198 SRR6457459 
CTD34.50.10.2 DP03 B082 Common_water 50 2.Epipelagic 22.641 36.783 0.999 4.198 SRR6457460 
CTD34.50.10.3 DP03 B082 Common_water 50 2.Epipelagic 22.641 36.783 0.999 4.198 SRR6457453 
CTD34.S.12.1 DP03 B082 Common_water 2 1.Surface 24.922 36.297 0.032 4.681 SRR6457454 
CTD34.S.12.2 DP03 B082 Common_water 2 1.Surface 24.922 36.297 0.032 4.681 SRR6457455 
CTD34.S.12.3 DP03 B082 Common_water 2 1.Surface 24.922 36.297 0.032 4.681 SRR6457456 
CTD35.1500.1 DP03 B287 Common_water 1500 4.Bathypelagic 4.277 34.97 0.032 4.668 SRR6457461 
CTD35.1500.2 DP03 B287 Common_water 1500 4.Bathypelagic 4.277 34.97 0.032 4.668 SRR6457462 
CTD35.1500.3 DP03 B287 Common_water 1500 4.Bathypelagic 4.277 34.97 0.032 4.668 SRR6457342 
CTD35.303.1 DP03 B287 Common_water 303 3.Mesopelagic 10.5005 35.266 0.021 2.543 SRR6457341 
CTD35.303.2 DP03 B287 Common_water 303 3.Mesopelagic 10.5005 35.266 0.021 2.543 SRR6457340 
CTD35.303.3 DP03 B287 Common_water 303 3.Mesopelagic 10.5005 35.266 0.021 2.543 SRR6457339 
CTD35.56.8.1 DP03 B287 Common_water 56 2.Epipelagic 21.262 36.46 1.227 4.495 SRR6457346 
CTD35.56.8.2 DP03 B287 Common_water 56 2.Epipelagic 21.262 36.46 1.227 4.495 SRR6457345 
CTD35.56.8.3 DP03 B287 Common_water 56 2.Epipelagic 21.262 36.46 1.227 4.495 SRR6457344 






CTD35.S.12.2 DP03 B287 Common_water 2 1.Surface 25.555 36.285 0.075 4.712 SRR6457337 
CTD35.S.12.3 DP03 B287 Common_water 2 1.Surface 25.555 36.285 0.075 4.712 SRR6457336 
CTD36.1500.1 DP03 B287 Common_water 1500 4.Bathypelagic 4.273 34.97 0.043 4.67 SRR6457516 
CTD36.1500.2 DP03 B287 Common_water 1500 4.Bathypelagic 4.273 34.97 0.043 4.67 SRR6457290 
CTD36.1500.3 DP03 B287 Common_water 1500 4.Bathypelagic 4.273 34.97 0.043 4.67 SRR6457287 
CTD36.160.1 DP03 B287 Common_water 160 2.Epipelagic 14.771 35.943 0.021 3.065 SRR6457288 
CTD36.160.2 DP03 B287 Common_water 160 2.Epipelagic 14.771 35.943 0.021 3.065 SRR6457293 
CTD36.160.3 DP03 B287 Common_water 160 2.Epipelagic 14.771 35.943 0.021 3.065 SRR6457294 
CTD36.283.1 DP03 B287 Common_water 283 3.Mesopelagic 10.7695 35.308 0.01 2.546 SRR6457291 
CTD36.283.2 DP03 B287 Common_water 283 3.Mesopelagic 10.7695 35.308 0.01 2.546 SRR6457292 
CTD36.283.3 DP03 B287 Common_water 283 3.Mesopelagic 10.7695 35.308 0.01 2.546 SRR6457296 
CTD36.52.1 DP03 B287 Common_water 52 2.Epipelagic 21.753 36.542 0.836 4.116 SRR6457297 
CTD36.52.2 DP03 B287 Common_water 52 2.Epipelagic 21.753 36.542 0.836 4.116 SRR6457122 
CTD36.52.3 DP03 B287 Common_water 52 2.Epipelagic 21.753 36.542 0.836 4.116 SRR6457121 
CTD36.S.11.1 DP03 B287 Common_water 2 1.Surface 25.4075 36.326 0.065 5.714 SRR6457124 
CTD36.S.11.2 DP03 B287 Common_water 2 1.Surface 25.4075 36.326 0.065 5.714 SRR6457123 
CTD36.S.11.3 DP03 B287 Common_water 2 1.Surface 25.4075 36.326 0.065 5.714 SRR6457126 
CTD37.TR.245.1 DP03 B287 Common_water 245 3.Mesopelagic 11.245 35.377 0.021 2.712 SRR6457125 
CTD37.TR.245.1.R2 DP03 B287 Common_water 245 3.Mesopelagic 11.245 35.377 0.021 2.712 SRR6457128 
CTD37.TR.245.2 DP03 B287 Common_water 245 3.Mesopelagic 11.245 35.377 0.021 2.712 SRR6457127 
CTD37.TR.245.3 DP03 B287 Common_water 245 3.Mesopelagic 11.245 35.377 0.021 2.712 SRR6457130 
CTD37.TR.274.1 DP03 B287 Common_water 274 3.Mesopelagic 10.2645 35.234 0.021 2.669 SRR6457129 
CTD37.TR.274.2 DP03 B287 Common_water 274 3.Mesopelagic 10.2645 35.234 0.021 2.669 SRR6457099 
CTD37.TR.274.3 DP03 B287 Common_water 274 3.Mesopelagic 10.2645 35.234 0.021 2.669 SRR6457338 
CTD37.TR.50.1 DP03 B287 Common_water 50 2.Epipelagic 22.262 36.379 0.358 4.738 SRR6457357 
CTD37.TR.50.2 DP03 B287 Common_water 50 2.Epipelagic 22.262 36.379 0.358 4.738 SRR6457368 
CTD37.TR.50.3 DP03 B287 Common_water 50 2.Epipelagic 22.262 36.379 0.358 4.738 SRR6457370 
CTD37.TR.50.3.R2 DP03 B287 Common_water 50 2.Epipelagic 22.262 36.379 0.358 4.738 SRR6457118 
CTD38.244.1 DP03 B003 Common_water 244 3.Mesopelagic 9.4595 35.152 0.032 2.748 SRR6457091 
CTD38.244.2 DP03 B003 Common_water 244 3.Mesopelagic 9.4595 35.152 0.032 2.748 SRR6457298 
CTD38.244.3 DP03 B003 Common_water 244 3.Mesopelagic 9.4595 35.152 0.032 2.748 SRR6457295 






CTD38.59.7.2 DP03 B003 Common_water 59 2.Epipelagic 21.832 36.414 0.945 4.232 SRR6457397 
CTD38.59.7.3 DP03 B003 Common_water 59 2.Epipelagic 21.832 36.414 0.945 4.232 SRR6457278 
CTD38.S.1 DP03 B003 Common_water 2 1.Surface 25.329 36.343 0.086 4.658 SRR6457275 
CTD38.S.2 DP03 B003 Common_water 2 1.Surface 25.329 36.343 0.086 4.658 SRR6457274 
CTD38.S.3 DP03 B003 Common_water 2 1.Surface 25.329 36.343 0.086 4.658 SRR6457273 
DPO3.38.1500.7A DP03 B003 Common_water 1500 4.Bathypelagic 4.291 34.969 0.032 4.652 SRR6457119 
DPO3.38.1500.7B DP03 B003 Common_water 1500 4.Bathypelagic 4.291 34.969 0.032 4.652 SRR6457120 
DPO3.38.1500.7C DP03 B003 Common_water 1500 4.Bathypelagic 4.291 34.969 0.032 4.652 SRR6457089 
TR.50.39.2A DP03 B003 Common_water 50 2.Epipelagic 23.3315 36.356 0.227 5.083 SRR6457144 
TR.50.39.2B DP03 B003 Common_water 50 2.Epipelagic 23.3315 36.356 0.227 5.083 SRR6457143 
TR.50.39.2C DP03 B003 Common_water 50 2.Epipelagic 23.3315 36.356 0.227 5.083 SRR6457477 
TR.500.39.1.2A DP03 B003 Common_water 301 3.Mesopelagic 8.501 35.033 0.032 2.99 SRR6457473 
TR.500.39.1.2B DP03 B003 Common_water 301 3.Mesopelagic 8.501 35.033 0.032 2.99 SRR6457474 
TR.500.39.1.2C DP03 B003 Common_water 301 3.Mesopelagic 8.501 35.033 0.032 2.99 SRR6457471 
TR.500.39.2.2A DP03 B003 Common_water 300 3.Mesopelagic 8.5275 35.042 0.032 2.998 SRR6457478 
TR.500.39.2.2B DP03 B003 Common_water 300 3.Mesopelagic 8.5275 35.042 0.032 2.998 SRR6457475 
TR.500.39.2.2C DP03 B003 Common_water 300 3.Mesopelagic 8.5275 35.042 0.032 2.998 SRR6457476 
CTD40.1500.1 DP03 B003 Common_water 1500 4.Bathypelagic NA NA NA NA SRR6457472 
CTD40.1500.2 DP03 B003 Common_water 1500 4.Bathypelagic NA NA NA NA SRR6457469 
CTD40.1500.3 DP03 B003 Common_water 1500 4.Bathypelagic NA NA NA NA SRR6457470 
CTD40.252.1 DP03 B003 Common_water 252 3.Mesopelagic 9.52 35.153 0.021 2.707 SRR6457150 
CTD40.252.2 DP03 B003 Common_water 252 3.Mesopelagic 9.52 35.153 0.021 2.707 SRR6457149 
CTD40.252.3 DP03 B003 Common_water 252 3.Mesopelagic 9.52 35.153 0.021 2.707 SRR6457152 
CTD40.64.1 DP03 B003 Common_water 64 2.Epipelagic 22.529 36.994 0.966 NA SRR6457151 
CTD40.64.2 DP03 B003 Common_water 64 2.Epipelagic 22.529 36.994 1.966 NA SRR6457146 
CTD40.64.3 DP03 B003 Common_water 64 2.Epipelagic 22.529 36.994 2.966 NA SRR6457145 
CTD40.S.1 DP03 B003 Common_water 2 1.Surface 24.771 36.316 0.086 3.381 SRR6457148 
CTD40.S.2 DP03 B003 Common_water 2 1.Surface 24.771 36.316 0.086 3.381 SRR6457147 
CTD40.S.3 DP03 B003 Common_water 2 1.Surface 24.771 36.316 0.086 3.381 SRR6457142 
CTD41.1500.1 DP03 B003 Common_water 1500 4.Bathypelagic 4.285 34.968 0.032 4.645 SRR6457141 
CTD41.1500.2 DP03 B003 Common_water 1500 4.Bathypelagic 4.285 34.968 0.032 4.645 SRR6457226 






CTD41.237.1 DP03 B003 Common_water 237 3.Mesopelagic 10.1745 35.243 0.01 2.733 SRR6457228 
CTD41.237.2 DP03 B003 Common_water 237 3.Mesopelagic 10.1745 35.243 0.01 2.733 SRR6457229 
CTD41.237.3 DP03 B003 Common_water 237 3.Mesopelagic 10.1745 35.243 0.01 2.733 SRR6457222 
CTD41.70.1 DP03 B003 Common_water 70 2.Epipelagic 21.4245 36.913 1.059 NA SRR6457223 
CTD41.70.2 DP03 B003 Common_water 70 2.Epipelagic 21.4245 36.913 1.059 NA SRR6457224 
CTD41.70.3 DP03 B003 Common_water 70 2.Epipelagic 21.4245 36.913 1.059 NA SRR6457225 
CTD41.S.1 DP03 B003 Common_water 2 1.Surface 24.7885 36.362 0.086 4.675 SRR6457230 
CTD41.S.3 DP03 B003 Common_water 2 1.Surface 24.7885 36.362 0.086 4.675 SRR6457361 
CTD42.1500.2.1 DP03 B079 Common_water 1500 4.Bathypelagic 4.291 34.968 0.032 4.619 SRR6457360 
CTD42.1500.2.2 DP03 B079 Common_water 1500 4.Bathypelagic 4.291 34.968 0.032 4.619 SRR6457359 
CTD42.1500.2.3 DP03 B079 Common_water 1500 4.Bathypelagic 4.291 34.968 0.032 4.619 SRR6457358 
CTD42.347.4.1 DP03 B079 Common_water 347 3.Mesopelagic 10.3 35.283 0.021 NA SRR6457365 
CTD42.347.4.2 DP03 B079 Common_water 347 3.Mesopelagic 10.3 35.283 0.021 NA SRR6457364 
CTD42.347.4.3 DP03 B079 Common_water 347 3.Mesopelagic 10.3 35.283 0.021 NA SRR6457363 
CTD42.94.1 DP03 B079 Common_water 94 2.Epipelagic 21.149 36.5 0.76 4.198 SRR6457362 
CTD42.94.2 DP03 B079 Common_water 94 2.Epipelagic 21.149 36.5 0.76 4.198 SRR6457367 
CTD42.94.3 DP03 B079 Common_water 94 2.Epipelagic 21.149 36.5 0.76 4.198 SRR6457366 
CTD42.S.1 DP03 B079 Common_water 2 1.Surface 25.92 36.465 0.075 4.517 SRR6457519 
CTD42.S.2 DP03 B079 Common_water 2 1.Surface 25.92 36.465 0.075 4.517 SRR6457520 
CTD42.S.3 DP03 B079 Common_water 2 1.Surface 25.92 36.465 0.075 4.517 SRR6457517 
CTD43.1500.2.1 DP03 B079 Common_water 1500 4.Bathypelagic 4.307 34.968 0.021 4.616 SRR6457518 
CTD43.1500.2.2 DP03 B079 Common_water 1500 4.Bathypelagic 4.307 34.968 0.021 4.616 SRR6457523 
CTD43.1500.2.3 DP03 B079 Common_water 1500 4.Bathypelagic 4.307 34.968 0.021 4.616 SRR6457524 
CTD43.360.5.1 DP03 B079 Common_water 360 3.Mesopelagic 10.392 35.246 0.01 2.565 SRR6457521 
CTD43.360.5.2 DP03 B079 Common_water 360 3.Mesopelagic 10.392 35.246 0.01 2.565 SRR6457522 
CTD43.360.5.2.R2 DP03 B079 Common_water 360 3.Mesopelagic 10.392 35.246 0.01 2.565 SRR6457525 
CTD43.360.5.3 DP03 B079 Common_water 360 3.Mesopelagic 10.392 35.246 0.01 2.565 SRR6457526 
CTD43.86.8.1 DP03 B079 Common_water 86 2.Epipelagic 21.3 36.511 0.684 4.4 SRR6457192 
CTD43.86.8.2 DP03 B079 Common_water 86 2.Epipelagic 21.3 36.511 0.684 4.4 SRR6457191 
CTD43.86.8.3 DP03 B079 Common_water 86 2.Epipelagic 21.3 36.511 0.684 4.4 SRR6457194 
CTD43.S.10.1 DP03 B079 Common_water 2 1.Surface 24.686 36.179 0.075 4.628 SRR6457193 






CTD43.S.10.3 DP03 B079 Common_water 2 1.Surface 24.686 36.179 0.075 4.628 SRR6457195 
CTD44.300.4.1A DP03 SE4 Loop_Current 300 3.Mesopelagic 16.4615 36.21 0.021 3.053 SRR6457198 
CTD44.300.4.2A DP03 SE4 Loop_Current 300 3.Mesopelagic 16.4615 36.21 0.021 3.053 SRR6457197 
CTD44.300.4.3A DP03 SE4 Loop_Current 300 3.Mesopelagic 16.4615 36.21 0.021 3.053 SRR6457200 
CTD44.300.5.1B DP03 SE4 Loop_Current 301 3.Mesopelagic 16.4615 36.21 0.01 3.075 SRR6457199 
CTD44.300.5.2B DP03 SE4 Loop_Current 301 3.Mesopelagic 16.4615 36.21 0.01 3.075 SRR6457301 
CTD44.300.5.3B DP03 SE4 Loop_Current 301 3.Mesopelagic 16.4615 36.21 0.01 3.075 SRR6457302 
CTD44.50.6.1 DP03 SE4 Loop_Current 50 2.Epipelagic 26.317 36.33 0.097 4.53 SRR6457303 
CTD44.50.6.2 DP03 SE4 Loop_Current 50 2.Epipelagic 26.317 36.33 0.097 4.53 SRR6457304 
CTD44.50.6.3 DP03 SE4 Loop_Current 50 2.Epipelagic 26.317 36.33 0.097 4.53 SRR6457305 
CTD45.105.9.1 DP03 SE4 Mixed_water 105 2.Epipelagic 25.734 36.304 0.586 4.33 SRR6457306 
CTD45.105.9.2 DP03 SE4 Mixed_water 105 2.Epipelagic 25.734 36.304 0.586 4.33 SRR6457307 
CTD45.105.9.3 DP03 SE4 Mixed_water 105 2.Epipelagic 25.734 36.304 0.586 4.33 SRR6457308 
CTD45.145.7.1 DP03 SE4 Mixed_water 145 2.Epipelagic 25.4275 36.623 0.162 3.783 SRR6457299 
CTD45.145.7.2 DP03 SE4 Mixed_water 145 2.Epipelagic 25.4275 36.623 0.162 3.783 SRR6457300 
CTD45.145.7.3 DP03 SE4 Mixed_water 145 2.Epipelagic 25.4275 36.623 0.162 3.783 SRR6457419 
CTD45.1500.1.1 DP03 SE4 Mixed_water 1500 4.Bathypelagic 4.319 34.967 0.021 4.592 SRR6457418 
CTD45.1500.1.2 DP03 SE4 Mixed_water 1500 4.Bathypelagic 4.319 34.967 0.021 4.592 SRR6457417 
CTD45.1500.1.3 DP03 SE4 Mixed_water 1500 4.Bathypelagic 4.319 34.967 0.021 4.592 SRR6457416 
CTD45.533.4.1 DP03 SE4 Mixed_water 533 3.Mesopelagic 10.1605 35.22 0.032 2.463 SRR6457415 
CTD45.533.4.2 DP03 SE4 Mixed_water 533 3.Mesopelagic 10.1605 35.22 0.032 2.463 SRR6457414 
CTD45.533.4.2.R2 DP03 SE4 Mixed_water 533 3.Mesopelagic 10.1605 35.22 0.032 2.463 SRR6457413 
CTD45.533.4.3 DP03 SE4 Mixed_water 533 3.Mesopelagic 10.1605 35.22 0.032 2.463 SRR6457412 
CTD45.S.12.1 DP03 SE4 Mixed_water 2 1.Surface 26.309 36.335 0.043 4.463 SRR6457421 
CTD45.S.12.2 DP03 SE4 Mixed_water 2 1.Surface 26.309 36.335 0.043 4.463 SRR6457420 
CTD45.S.12.3 DP03 SE4 Mixed_water 2 1.Surface 26.309 36.335 0.043 4.463 SRR6457377 
CTD46.300.4.1A DP03 SE4 Loop_Current 300 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457378 
CTD46.300.4.1A.R1 DP03 SE4 Loop_Current 300 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457375 
CTD46.300.4.1B DP03 SE4 Loop_Current 301 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457376 
CTD46.300.4.2A DP03 SE4 Loop_Current 300 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457373 
CTD46.300.4.2A.R1 DP03 SE4 Loop_Current 300 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457374 






CTD46.300.4.3A DP03 SE4 Loop_Current 300 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457372 
CTD46.300.4.3B DP03 SE4 Loop_Current 301 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457379 
CTD46.300.5.2B DP03 SE4 Loop_Current 301 3.Mesopelagic 17.5725 36.399 0 3.271 SRR6457380 
CTD46.50.9.1 DP03 SE4 Loop_Current 50 2.Epipelagic 26.403 36.337 0.065 4.535 SRR6457484 
CTD46.50.9.2 DP03 SE4 Loop_Current 50 2.Epipelagic 26.403 36.337 0.065 4.535 SRR6457483 
CTD46.50.9.3 DP03 SE4 Loop_Current 50 2.Epipelagic 26.403 36.337 0.065 4.535 SRR6457486 
CTD47.106.8.1 DP03 SE5 Mixed_water 106 2.Epipelagic 25.7235 36.306 0.532 4.353 SRR6457485 
CTD47.106.8.2 DP03 SE5 Mixed_water 106 2.Epipelagic 25.7235 36.306 0.532 4.353 SRR6457480 
CTD47.106.8.3 DP03 SE5 Mixed_water 106 2.Epipelagic 25.7235 36.306 0.532 4.353 SRR6457479 
CTD47.1500.1.1 DP03 SE5 Mixed_water 1500 4.Bathypelagic 4.315 34.971 0.032 4.609 SRR6457482 
CTD47.1500.1.2 DP03 SE5 Mixed_water 1500 4.Bathypelagic 4.315 34.971 0.032 4.609 SRR6457481 
CTD47.1500.1.3 DP03 SE5 Mixed_water 1500 4.Bathypelagic 4.315 34.971 0.032 4.609 SRR6457488 
CTD47.511.4.1 DP03 SE5 Mixed_water 511 3.Mesopelagic 9.5735 35.275 0.01 0 SRR6457487 
CTD47.511.4.2 DP03 SE5 Mixed_water 511 3.Mesopelagic 9.5735 35.275 0.01 0 SRR6457088 
CTD47.511.4.2.R2 DP03 SE5 Mixed_water 511 3.Mesopelagic 9.5735 35.275 0.01 0 SRR6457112 
CTD47.511.4.3 DP03 SE5 Mixed_water 511 3.Mesopelagic 9.5735 35.275 0.01 0 SRR6457115 
CTD47.S.1 DP03 SE5 Mixed_water 2 1.Surface 26.4155 36.35 0.059 4.501 SRR6457090 
CTD47.S.2 DP03 SE5 Mixed_water 2 1.Surface 26.4155 36.35 0.059 4.501 SRR6457109 
CTD47.S.3 DP03 SE5 Mixed_water 2 1.Surface 26.4155 36.35 0.059 4.501 SRR6457550 
CTD48.1500.1.2 DP03 B252 Common_water 1500 4.Bathypelagic 4.3225 34.97 0.021 4.602 SRR6457111 
CTD48.1500.1.3 DP03 B252 Common_water 1500 4.Bathypelagic 4.3225 34.97 0.021 4.602 SRR6457110 
CTD48.396.4.1 DP03 B252 Common_water 396 3.Mesopelagic 9.1815 35.089 0 2.612 SRR6457117 
CTD48.396.4.1.R2 DP03 B252 Common_water 396 3.Mesopelagic 9.1815 35.089 0 2.612 SRR6457116 
CTD48.396.4.2 DP03 B252 Common_water 396 3.Mesopelagic 9.1815 35.089 0 2.612 SRR6457449 
CTD48.396.4.3 DP03 B252 Common_water 396 3.Mesopelagic 9.1815 35.089 0 2.612 SRR6457450 
CTD48.396.4.3.R2 DP03 B252 Common_water 396 3.Mesopelagic 9.1815 35.089 0 2.612 SRR6457447 
CTD48.64.7.1 DP03 B252 Common_water 64 2.Epipelagic 21.569 36.586 0.934 4.052 SRR6457448 
CTD48.64.7.2 DP03 B252 Common_water 64 2.Epipelagic 21.569 36.586 0.934 4.052 SRR6457445 
CTD48.64.7.3 DP03 B252 Common_water 64 2.Epipelagic 21.569 36.586 0.934 4.052 SRR6457446 
CTD48.S.10.1 DP03 B252 Common_water 2 1.Surface 24.73 36.14 0.13 4.717 SRR6457443 
CTD48.S.10.2 DP03 B252 Common_water 2 1.Surface 24.73 36.14 0.13 4.717 SRR6457444 






CTD49.1500.1.1 DP03 B252 Common_water 1500 4.Bathypelagic 4.337 34.97 0.01 4.584 SRR6457452 
CTD49.1500.1.2 DP03 B252 Common_water 1500 4.Bathypelagic 4.337 34.97 0.01 4.584 SRR6457331 
CTD49.1500.1.3 DP03 B252 Common_water 1500 4.Bathypelagic 4.337 34.97 0.01 4.584 SRR6457330 
CTD49.360.4.1 DP03 B252 Common_water 360 3.Mesopelagic 9.823 35.171 0.01 2.556 SRR6457411 
CTD49.360.4.1.R2 DP03 B252 Common_water 360 3.Mesopelagic 9.823 35.171 0.01 2.556 SRR6457410 
CTD49.360.4.2 DP03 B252 Common_water 360 3.Mesopelagic 9.823 35.171 0.01 2.556 SRR6457335 
CTD49.360.4.2.R2 DP03 B252 Common_water 360 3.Mesopelagic 9.823 35.171 0.01 2.556 SRR6457334 
CTD49.360.4.3 DP03 B252 Common_water 360 3.Mesopelagic 9.823 35.171 0.01 2.556 SRR6457333 
CTD49.65.7.1 DP03 B252 Common_water 65 2.Epipelagic 21.397 36.56 0.858 4.2 SRR6457332 
CTD49.65.7.2 DP03 B252 Common_water 65 2.Epipelagic 21.397 36.56 0.858 4.2 SRR6457399 
CTD49.65.7.3 DP03 B252 Common_water 65 2.Epipelagic 21.397 36.56 0.858 4.2 SRR6457398 
CTD49.S.1 DP03 B252 Common_water 2 1.Surface 24.653 36.198 0.075 NA SRR6457545 
CTD49.S.2 DP03 B252 Common_water 2 1.Surface 24.653 36.198 0.075 NA SRR6457549 
CTD49.S.3 DP03 B252 Common_water 2 1.Surface 24.653 36.198 0.075 NA SRR6457189 
CTD50.1500.1.1 DP03 B081 Common_water 1500 4.Bathypelagic 4.3375 34.97 0.032 4.581 SRR6457190 
CTD50.1500.1.2 DP03 B081 Common_water 1500 4.Bathypelagic 4.3375 34.97 0.032 4.581 SRR6457183 
CTD50.1500.1.3 DP03 B081 Common_water 1500 4.Bathypelagic 4.3375 34.97 0.032 4.581 SRR6457184 
CTD50.467.4.1 DP03 B081 Common_water 467 3.Mesopelagic 8.961 35.058 0.021 2.609 SRR6457185 
CTD50.467.4.1.R2 DP03 B081 Common_water 467 3.Mesopelagic 8.961 35.058 0.021 2.609 SRR6457186 
CTD50.467.4.2 DP03 B081 Common_water 467 3.Mesopelagic 8.961 35.058 0.021 2.609 SRR6457179 
CTD50.467.4.3 DP03 B081 Common_water 467 3.Mesopelagic 8.961 35.058 0.021 2.609 SRR6457180 
CTD50.49.1 DP03 B081 Common_water 49 2.Epipelagic 23.612 36.699 1.081 4.062 SRR6457166 
CTD50.49.2 DP03 B081 Common_water 49 2.Epipelagic 23.612 36.699 1.081 4.062 SRR6457165 
CTD50.49.3 DP03 B081 Common_water 49 2.Epipelagic 23.612 36.699 1.081 4.062 SRR6457168 
CTD50.S.1 DP03 B081 Common_water 2 1.Surface NA NA NA NA SRR6457167 
CTD50.S.2 DP03 B081 Common_water 2 1.Surface NA NA NA NA SRR6457170 
CTD50.S.3 DP03 B081 Common_water 2 1.Surface NA NA NA NA SRR6457169 
CTD51.1500.2.1 DP03 B081 Common_water 1500 4.Bathypelagic 4.3365 34.97 0.032 4.574 SRR6457172 
CTD51.1500.2.2 DP03 B081 Common_water 1500 4.Bathypelagic 4.3365 34.97 0.032 4.574 SRR6457171 
CTD51.1500.2.3 DP03 B081 Common_water 1500 4.Bathypelagic 4.3365 34.97 0.032 4.574 SRR6457164 
CTD51.480.4.1 DP03 B081 Common_water 480 3.Mesopelagic 8.936 35.329 0 NA SRR6457163 






CTD51.480.4.2 DP03 B081 Common_water 480 3.Mesopelagic 8.936 35.329 0 NA SRR6457500 
CTD51.480.4.3 DP03 B081 Common_water 480 3.Mesopelagic 8.936 35.329 0 NA SRR6457497 
CTD51.53.1 DP03 B081 Common_water 53 2.Epipelagic 23.487 36.685 1.021 4.064 SRR6457498 
CTD51.53.2 DP03 B081 Common_water 53 2.Epipelagic 23.487 36.685 1.021 4.064 SRR6457503 
CTD51.53.3 DP03 B081 Common_water 53 2.Epipelagic 23.487 36.685 1.021 4.064 SRR6457504 
CTD51.S.1 DP03 B081 Common_water 2 1.Surface NA NA NA NA SRR6457501 
CTD51.S.2 DP03 B081 Common_water 2 1.Surface NA NA NA NA SRR6457502 
CTD51.S.3 DP03 B081 Common_water 2 1.Surface NA NA NA NA SRR6457491 
CTD52.1500.2.1 DP03 B175 Common_water 1500 4.Bathypelagic 4.3325 34.971 0.021 4.577 SRR6457492 
CTD52.1500.2.2 DP03 B175 Common_water 1500 4.Bathypelagic 4.3325 34.971 0.021 4.577 SRR6457396 
CTD52.1500.2.3 DP03 B175 Common_water 1500 4.Bathypelagic 4.3325 34.971 0.021 4.577 SRR6457395 
CTD52.485.4.1 DP03 B175 Common_water 485 3.Mesopelagic 9.066 35.073 0.01 2.6 SRR6457394 
CTD52.485.4.2 DP03 B175 Common_water 485 3.Mesopelagic 9.066 35.073 0.01 2.6 SRR6457393 
CTD52.54.1 DP03 B175 Common_water 54 2.Epipelagic 23.807 36.586 0.717 4.301 SRR6457392 
CTD52.54.2 DP03 B175 Common_water 54 2.Epipelagic 23.807 36.586 0.717 4.301 SRR6457391 
CTD52.54.3 DP03 B175 Common_water 54 2.Epipelagic 23.807 36.586 0.717 4.301 SRR6457390 
CTD52.S.1 DP03 B175 Common_water 2 1.Surface NA NA NA NA SRR6457389 
CTD52.S.2 DP03 B175 Common_water 2 1.Surface NA NA NA NA SRR6457388 
CTD52.S.3 DP03 B175 Common_water 2 1.Surface NA NA NA NA SRR6457387 
CTD53.1500.1.1 DP03 B175 Common_water 1500 4.Bathypelagic 4.339 34.971 0.012 4.574 SRR6457252 
CTD53.1500.1.2 DP03 B175 Common_water 1500 4.Bathypelagic 4.339 34.971 0.012 4.574 SRR6457253 
CTD53.1500.1.3 DP03 B175 Common_water 1500 4.Bathypelagic 4.339 34.971 0.012 4.574 SRR6457254 
CTD53.507.4.1 DP03 B175 Common_water 507 3.Mesopelagic 9.009 35.064 0.012 2.599 SRR6457255 
CTD53.507.4.2 DP03 B175 Common_water 507 3.Mesopelagic 9.009 35.064 0.012 2.599 SRR6457256 
CTD53.507.4.2.R2 DP03 B175 Common_water 507 3.Mesopelagic 9.009 35.064 0.012 2.599 SRR6457257 
CTD53.507.4.3 DP03 B175 Common_water 507 3.Mesopelagic 9.009 35.064 0.012 2.599 SRR6457258 
CTD53.507.4.3.R2 DP03 B175 Common_water 507 3.Mesopelagic 9.009 35.064 0.012 2.599 SRR6457259 
CTD53.59.1 DP03 B175 Common_water 59 2.Epipelagic 23.174 36.501 0.181 4.668 SRR6457260 
CTD53.59.2 DP03 B175 Common_water 59 2.Epipelagic 23.174 36.501 0.181 4.668 SRR6457261 
CTD53.59.3 DP03 B175 Common_water 59 2.Epipelagic 23.174 36.501 0.181 4.668 SRR6457239 
CTD53.S.1 DP03 B175 Common_water 2 1.Surface 26.6675 36.464 0.015 NA SRR6457238 






CTD53.S.3 DP03 B175 Common_water 2 1.Surface 26.6675 36.464 2.015 NA SRR6457240 
CTD54.130.8.1 DP04 SW6 Loop_Current 130 2.Epipelagic 25.7015 36.284 0.47 4.098 SRR6457235 
CTD54.130.8.2 DP04 SW6 Loop_Current 130 2.Epipelagic 25.7015 36.284 0.47 4.098 SRR6457234 
CTD54.130.8.3 DP04 SW6 Loop_Current 130 2.Epipelagic 25.7015 36.284 0.47 4.098 SRR6457237 
CTD54.1499M.1.1 DP04 SW6 Loop_Current 1499 4.Bathypelagic 4.3435 34.963 0.029 4.503 SRR6457236 
CTD54.1499M.1.2 DP04 SW6 Loop_Current 1499 4.Bathypelagic 4.3435 34.963 0.029 4.503 SRR6457233 
CTD54.1499M.1.3 DP04 SW6 Loop_Current 1499 4.Bathypelagic 4.3435 34.963 0.029 4.503 SRR6457232 
CTD54.2M.12.1 DP04 SW6 Loop_Current 2 1.Surface 30.3845 36.44 0.036 4.154 SRR6457083 
CTD54.2M.12.2 DP04 SW6 Loop_Current 2 1.Surface 30.3845 36.44 0.036 4.154 SRR6457084 
CTD54.2M.12.3 DP04 SW6 Loop_Current 2 1.Surface 30.3845 36.44 0.036 4.154 SRR6457081 
CTD54.545M.6.1 DP04 SW6 Loop_Current 545 3.Mesopelagic 10.2415 35.232 0.022 2.442 SRR6457082 
CTD54.545M.6.2 DP04 SW6 Loop_Current 545 3.Mesopelagic 10.2415 35.232 0.022 2.442 SRR6457079 
CTD54.545M.6.3 DP04 SW6 Loop_Current 545 3.Mesopelagic 10.2415 35.232 0.022 2.442 SRR6457080 
CTD55.125.7.1 DP04 SW6 Loop_Current 125 2.Epipelagic 25.704 36.282 0.49 4.169 SRR6457077 
CTD55.125.7.2 DP04 SW6 Loop_Current 125 2.Epipelagic 25.704 36.282 0.49 4.169 SRR6457078 
CTD55.125.7.3 DP04 SW6 Loop_Current 125 2.Epipelagic 25.704 36.282 0.49 4.169 SRR6457551 
CTD55.1502.1.1 DP04 SW6 Loop_Current 1502 4.Bathypelagic 4.3295 34.963 0.022 4.559 SRR6457076 
CTD55.1502.1.2 DP04 SW6 Loop_Current 1502 4.Bathypelagic 4.3295 34.963 0.022 4.559 SRR6457505 
CTD55.1502.1.3 DP04 SW6 Loop_Current 1502 4.Bathypelagic 4.3295 34.963 0.022 4.559 SRR6457284 
CTD55.2M.10.1 DP04 SW6 Loop_Current 2 1.Surface 30.4855 36.373 0.022 4.283 SRR6457285 
CTD55.2M.10.2 DP04 SW6 Loop_Current 2 1.Surface 30.4855 36.373 0.022 4.283 SRR6457286 
CTD55.2M.10.3 DP04 SW6 Loop_Current 2 1.Surface 30.4855 36.373 0.022 4.283 SRR6457279 
CTD55.516M.4.1 DP04 SW6 Loop_Current 516 3.Mesopelagic 10.9815 35.337 0.022 2.464 SRR6457280 
CTD55.516M.4.2 DP04 SW6 Loop_Current 516 3.Mesopelagic 10.9815 35.337 0.022 2.464 SRR6457281 
CTD55.516M.4.3 DP04 SW6 Loop_Current 516 3.Mesopelagic 10.9815 35.337 0.022 2.464 SRR6457282 
CTD56.1500.1.1 DP04 SW4 Common_water 1500 4.Bathypelagic 4.293 34.965 0.029 4.607 SRR6457276 
CTD56.1500.1.2 DP04 SW4 Common_water 1500 4.Bathypelagic 4.293 34.965 0.029 4.607 SRR6457277 
CTD56.1500.1.3 DP04 SW4 Common_water 1500 4.Bathypelagic 4.293 34.965 0.029 4.607 SRR6457405 
CTD56.2M.12.1 DP04 SW4 Common_water 2 1.Surface 31.3845 28.793 0.32 4.407 SRR6457404 
CTD56.2M.12.2 DP04 SW4 Common_water 2 1.Surface 31.3845 28.793 0.32 4.407 SRR6457403 
CTD56.2M.12.3 DP04 SW4 Common_water 2 1.Surface 31.3845 28.793 0.32 4.407 SRR6457402 






CTD56.43M.8.2 DP04 SW4 Common_water 43 2.Epipelagic 26.4605 35.893 0.565 4.58 SRR6457408 
CTD56.43M8.3 DP04 SW4 Common_water 43 2.Epipelagic 26.4605 35.893 0.565 4.58 SRR6457407 
CTD56.446M.4.1 DP04 SW4 Common_water 446 3.Mesopelagic 9.233 35.091 0.029 2.576 SRR6457406 
CTD56.446M.4.2 DP04 SW4 Common_water 446 3.Mesopelagic 9.233 35.091 0.029 2.576 SRR6457401 
CTD56.446M.4.3 DP04 SW4 Common_water 446 3.Mesopelagic 9.233 35.091 0.029 2.576 SRR6457400 
CTD57.1485.3.1 DP04 SE1 Common_water 1485 4.Bathypelagic 4.315 34.964 0.042 4.59 SRR6457512 
CTD57.1495.3.2 DP04 SE1 Common_water 1485 4.Bathypelagic 4.315 34.964 0.042 4.59 SRR6457513 
CTD57.1495.3.3 DP04 SE1 Common_water 1485 4.Bathypelagic 4.315 34.964 0.042 4.59 SRR6457510 
CTD57.2M.11.1 DP04 SE1 Common_water 2 1.Surface 30.794 34.255 0.192 4.316 SRR6457511 
CTD57.2M.11.2 DP04 SE1 Common_water 2 1.Surface 30.794 34.255 0.192 4.316 SRR6457508 
CTD57.2M.11.3 DP04 SE1 Common_water 2 1.Surface 30.794 34.255 0.192 4.316 SRR6457509 
CTD57.441M.4.1 DP04 SE1 Common_water 441 3.Mesopelagic 9.136 35.09 0.05 2.537 SRR6457506 
CTD57.441M.4.2 DP04 SE1 Common_water 441 3.Mesopelagic 9.136 35.09 0.05 2.537 SRR6457507 
CTD57.441M.4.3 DP04 SE1 Common_water 441 3.Mesopelagic 9.136 35.09 0.05 2.537 SRR6457514 
CTD57.68M.8.1 DP04 SE1 Common_water 68 2.Epipelagic 21.8925 36.464 0.476 4.351 SRR6457515 
CTD57.68M.8.2 DP04 SE1 Common_water 68 2.Epipelagic 21.8925 36.464 0.476 4.351 SRR6457528 
CTD57.68M.8.3 DP04 SE1 Common_water 68 2.Epipelagic 21.8925 36.464 0.476 4.351 SRR6457527 
CTD58.1501.1.1 DP04 SE3 Common_water 1501 4.Bathypelagic 4.3085 34.964 0.036 4.6 SRR6457182 
CTD58.1501.1.2 DP04 SE3 Common_water 1501 4.Bathypelagic 4.3085 34.964 0.036 4.6 SRR6457181 
CTD58.1501.1.3 DP04 SE3 Common_water 1501 4.Bathypelagic 4.3085 34.964 0.036 4.6 SRR6457176 
CTD58.2M.11.1 DP04 SE3 Common_water 2 1.Surface 29.796 34.206 0.165 4.241 SRR6457175 
CTD58.2M.11.2 DP04 SE3 Common_water 2 1.Surface 29.796 34.206 0.165 4.241 SRR6457178 
CTD58.2M.11.3 DP04 SE3 Common_water 2 1.Surface 29.796 34.206 0.165 4.241 SRR6457177 
CTD58.444M.5.1 DP04 SE3 Common_water 444 3.Mesopelagic 9.836 35.17 0.029 2.532 SRR6457188 
CTD58.444M.5.2 DP04 SE3 Common_water 444 3.Mesopelagic 9.836 35.17 0.029 2.532 SRR6457187 
CTD58.444M.5.3 DP04 SE3 Common_water 444 3.Mesopelagic 9.836 35.17 0.029 2.532 SRR6457320 
CTD58.90M.7.1 DP04 SE3 Common_water 90 2.Epipelagic 21.9465 36.418 0.402 4.338 SRR6457321 
CTD58.90M.7.2 DP04 SE3 Common_water 90 2.Epipelagic 21.9465 36.418 0.402 4.338 SRR6457322 
CTD58.90M.7.3 DP04 SE3 Common_water 90 2.Epipelagic 21.9465 36.418 0.402 4.338 SRR6457323 
CTD59.1500.3.1 DP04 SE3 Common_water 1500 4.Bathypelagic 4.3005 34.965 0.042 4.603 SRR6457324 
CTD59.1500.3.2 DP04 SE3 Common_water 1500 4.Bathypelagic 4.3005 34.965 0.042 4.603 SRR6457325 






CTD59.2M.10.1 DP04 SE3 Common_water 2 1.Surface 29.996 34.368 0.117 4.268 SRR6457327 
CTD59.2M.10.2 DP04 SE3 Common_water 2 1.Surface 29.996 34.368 0.117 4.268 SRR6457328 
CTD59.2M.10.3 DP04 SE3 Common_water 2 1.Surface 29.996 34.368 0.117 4.268 SRR6457329 
CTD59.418M.4.1 DP04 SE3 Common_water 418 3.Mesopelagic 9.882 35.177 0.036 2.531 SRR6457442 
CTD59.418M.4.2 DP04 SE3 Common_water 418 3.Mesopelagic 9.882 35.177 0.036 2.531 SRR6457441 
CTD59.418M.4.3 DP04 SE3 Common_water 418 3.Mesopelagic 9.882 35.177 0.036 2.531 SRR6457440 
CTD59.86M.8.1 DP04 SE3 Common_water 86 2.Epipelagic 22.088 36.367 0.409 4.266 SRR6457439 
CTD59.86M.8.2 DP04 SE3 Common_water 86 2.Epipelagic 22.088 36.367 0.409 4.266 SRR6457438 
CTD59.86M.8.3 DP04 SE3 Common_water 86 2.Epipelagic 22.088 36.367 0.409 4.266 SRR6457437 
CTD60.1500.3.1 DP04 SE2 Common_water 1500 4.Bathypelagic 4.287 34.965 0.029 4.617 SRR6457436 
CTD60.1500.3.2 DP04 SE2 Common_water 1500 4.Bathypelagic 4.287 34.965 0.029 4.617 SRR6457435 
CTD60.1500.3.3 DP04 SE2 Common_water 1500 4.Bathypelagic 4.287 34.965 0.029 4.617 SRR6457434 
CTD60.2M.12.1 DP04 SE2 Common_water 2 1.Surface 30.0715 34.341 0.155 4.279 SRR6457433 
CTD60.2M.12.2 DP04 SE2 Common_water 2 1.Surface 30.0715 34.341 0.155 4.279 SRR6457102 
CTD60.2M.12.3 DP04 SE2 Common_water 2 1.Surface 30.0715 34.341 0.155 4.279 SRR6457103 
CTD60.386M.5.1 DP04 SE2 Common_water 386 3.Mesopelagic 9.9995 35.199 0.029 2.512 SRR6457100 
CTD60.386M.5.2 DP04 SE2 Common_water 386 3.Mesopelagic 9.9995 35.199 0.029 2.512 SRR6457101 
CTD60.386M.5.3 DP04 SE2 Common_water 386 3.Mesopelagic 9.9995 35.199 0.029 2.512 SRR6457106 
CTD60.86M.9.1 DP04 SE2 Common_water 86 2.Epipelagic 21.607 36.395 0.497 4.198 SRR6457107 
CTD60.86M.9.2 DP04 SE2 Common_water 86 2.Epipelagic 21.607 36.395 0.497 4.198 SRR6457104 
CTD60.86M.9.3 DP04 SE2 Common_water 86 2.Epipelagic 21.607 36.395 0.497 4.198 SRR6457105 
CTD61.1500.2.1 DP04 SW3 Mixed_water 1500 4.Bathypelagic 4.2755 34.966 0.016 4.617 SRR6457097 
CTD61.1500.2.2 DP04 SW3 Mixed_water 1500 4.Bathypelagic 4.2755 34.966 0.016 4.617 SRR6457098 
CTD61.1500.2.3 DP04 SW3 Mixed_water 1500 4.Bathypelagic 4.2755 34.966 0.016 4.617 SRR6457245 
CTD61.2M.10.1 DP04 SW3 Mixed_water 2 1.Surface 29.604 28.691 1.73 4.393 SRR6457244 
CTD61.2M.10.2 DP04 SW3 Mixed_water 2 1.Surface 29.604 28.691 1.73 4.393 SRR6457247 
CTD61.2M.10.3 DP04 SW3 Mixed_water 2 1.Surface 29.604 28.691 1.73 4.393 SRR6457246 
CTD61.359.4.2 DP04 SW3 Mixed_water 359 3.Mesopelagic 10.3975 35.248 0.029 2.538 SRR6457249 
CTD61.359M.4.1 DP04 SW3 Mixed_water 359 3.Mesopelagic 10.3975 35.248 0.029 2.538 SRR6457248 
CTD61.359M.4.3 DP04 SW3 Mixed_water 359 3.Mesopelagic 10.3975 35.248 0.029 2.538 SRR6457251 
CTD61.76M.8.1 DP04 SW3 Mixed_water 76 2.Epipelagic 21.2735 36.53 0.239 3.764 SRR6457250 






CTD61.76M.8.3 DP04 SW3 Mixed_water 76 2.Epipelagic 21.2735 36.53 0.239 3.764 SRR6457242 
CTD62.110M.7.1 DP04 SW5 Mixed_water 110 2.Epipelagic 25.6535 36.446 0.293 3.845 SRR6457385 
CTD62.110M.7.2 DP04 SW5 Mixed_water 110 2.Epipelagic 25.6535 36.446 0.293 3.845 SRR6457386 
CTD62.110M.7.3 DP04 SW5 Mixed_water 110 2.Epipelagic 25.6535 36.446 0.293 3.845 SRR6457270 
CTD62.1500.3.1 DP04 SW5 Mixed_water 1500 4.Bathypelagic 4.305 34.965 0.029 4.581 SRR6457432 
CTD62.1500.3.2 DP04 SW5 Mixed_water 1500 4.Bathypelagic 4.305 34.965 0.029 4.581 SRR6457381 
CTD62.1500.3.3 DP04 SW5 Mixed_water 1500 4.Bathypelagic 4.305 34.965 0.029 4.581 SRR6457382 
CTD62.2M.11.1 DP04 SW5 Mixed_water 2 1.Surface 30.01 36.325 0.07 4.279 SRR6457383 
CTD62.2M.11.2 DP04 SW5 Mixed_water 2 1.Surface 30.01 36.325 0.07 4.279 SRR6457384 
CTD62.2M.11.3 DP04 SW5 Mixed_water 2 1.Surface 30.01 36.325 0.07 4.279 SRR6457283 
CTD62.498M.5.1 DP04 SW5 Mixed_water 498 3.Mesopelagic 9.872 35.183 0.029 2.477 SRR6457289 
CTD62.498M.5.2 DP04 SW5 Mixed_water 498 3.Mesopelagic 9.872 35.183 0.029 2.477 SRR6457094 
CTD62.498M.5.3 DP04 SW5 Mixed_water 498 3.Mesopelagic 9.872 35.183 0.029 2.477 SRR6457093 
CTD63.1520.2.1 DP04 B064 Common_water 1520 4.Bathypelagic 4.3235 34.964 0.022 4.561 SRR6457490 
CTD63.1520.2.2 DP04 B064 Common_water 1520 4.Bathypelagic 4.3235 34.964 0.022 4.561 SRR6457489 
CTD63.1520.2.3 DP04 B064 Common_water 1520 4.Bathypelagic 4.3235 34.964 0.022 4.561 SRR6457496 
CTD63.2m.10.1 DP04 B064 Common_water 2 1.Surface 29.247 27.472 2.685 4.645 SRR6457495 
CTD63.2m.10.2 DP04 B064 Common_water 2 1.Surface 29.247 27.472 2.685 4.645 SRR6457494 
CTD63.2m.10.3 DP04 B064 Common_water 2 1.Surface 29.247 27.472 2.685 4.645 SRR6457493 
CTD63.421M.4.1 DP04 B064 Common_water 421 3.Mesopelagic 9.2825 35.104 0.036 2.516 SRR6457319 
CTD63.421M.4.2 DP04 B064 Common_water 421 3.Mesopelagic 9.2825 35.104 0.036 2.516 SRR6457499 
CTD63.421M.4.3 DP04 B064 Common_water 421 3.Mesopelagic 9.2825 35.104 0.036 2.516 SRR6457312 
CTD63.97M.9.1 DP04 B064 Common_water 97 2.Epipelagic 20.6695 36.495 0.158 3.516 SRR6457311 
CTD63.97M.9.2 DP04 B064 Common_water 97 2.Epipelagic 20.6695 36.495 0.158 3.516 SRR6457310 
CTD63.97M.9.3 DP04 B064 Common_water 97 2.Epipelagic 20.6695 36.495 0.158 3.516 SRR6457309 
CTD64.1500.1.1 DP04 B064 Common_water 1500 4.Bathypelagic 4.314 34.964 0.036  SRR6457316 
CTD64.1500.1.2 DP04 B064 Common_water 1500 4.Bathypelagic 4.314 34.964 0.036  SRR6457315 
CTD64.1500.1.3 DP04 B064 Common_water 1500 4.Bathypelagic 4.314 34.964 0.036  SRR6457314 
CTD64.22M.9.1 DP04 B064 Common_water 22 2.Epipelagic 29.3635 34.767 0.7  SRR6457313 
CTD64.22M.9.2 DP04 B064 Common_water 22 2.Epipelagic 29.3635 34.767 0.7  SRR6457318 
CTD64.22M.9.3 DP04 B064 Common_water 22 2.Epipelagic 29.3635 34.767 0.7  SRR6457317 






CTD64.2M.10.2 DP04 B064 Common_water 2 1.Surface 30.224 32.536 0.131  SRR6457158 
CTD64.2M.10.3 DP04 B064 Common_water 2 1.Surface 30.224 32.536 0.131  SRR6457159 
CTD64.415M.3.1 DP04 B064 Common_water 415 3.Mesopelagic 9.441 35.121 0.029  SRR6457160 
CTD64.415M.3.2 DP04 B064 Common_water 415 3.Mesopelagic 9.441 35.121 0.029  SRR6457153 
CTD64.415M.3.3 DP04 B064 Common_water 415 3.Mesopelagic 9.441 35.121 0.029  SRR6457154 
CTD64.95M.1 DP04 B064 Common_water 95 2.Epipelagic 20.645 36.468 0.185  SRR6457155 
CTD64.95M.2 DP04 B064 Common_water 95 2.Epipelagic 20.645 36.468 0.185  SRR6457156 
CTD64.95M.3 DP04 B064 Common_water 95 2.Epipelagic 20.645 36.468 0.185  SRR6457161 
CTD65.1500.3.1 DP04 B065 Common_water 1500 4.Bathypelagic 4.3225 34.964 0.042 4.571 SRR6457162 
CTD65.1500.3.2 DP04 B065 Common_water 1500 4.Bathypelagic 4.3225 34.964 0.042 4.571 SRR6457546 
CTD65.1500.3.3 DP04 B065 Common_water 1500 4.Bathypelagic 4.3225 34.964 0.042 4.571 SRR6457369 
CTD65.2M.10.1 DP04 B065 Common_water 2 1.Surface 29.67 33.874 0.246 4.388 SRR6457548 
CTD65.2M.10.2 DP04 B065 Common_water 2 1.Surface 29.67 33.874 0.246 4.388 SRR6457547 
CTD65.2M.10.3 DP04 B065 Common_water 2 1.Surface 29.67 33.874 0.246 4.388 SRR6457542 
CTD65.334M.6.1 DP04 B065 Common_water 334 3.Mesopelagic 9.266 35.093 0.036 2.597 SRR6457541 
CTD65.334M.6.2 DP04 B065 Common_water 334 3.Mesopelagic 9.266 35.093 0.036 2.597 SRR6457544 
CTD65.334M.6.3 DP04 B065 Common_water 334 3.Mesopelagic 9.266 35.093 0.036 2.597 SRR6457543 
CTD65.58M.7.1 DP04 B065 Common_water 58 2.Epipelagic 23.937 36.373 0.531 4.862 SRR6457540 
CTD65.58M.7.2 DP04 B065 Common_water 58 2.Epipelagic 23.937 36.373 0.531 4.862 SRR6457539 
CTD65.58M.7.3 DP04 B065 Common_water 58 2.Epipelagic 23.937 36.373 0.531 4.862 SRR6457430 
CTD66.1503.3.1 DP04 B287 Mixed_water 1503 4.Bathypelagic 4.313 34.964 0.036 4.581 SRR6457431 
CTD66.1503.3.2 DP04 B287 Mixed_water 1503 4.Bathypelagic 4.313 34.964 0.036 4.581 SRR6457428 
CTD66.1503.3.3 DP04 B287 Mixed_water 1503 4.Bathypelagic 4.313 34.964 0.036 4.581 SRR6457429 
CTD66.2M.11.1 DP04 B287 Mixed_water 2 1.Surface 29.9555 34.103 0.226 4.388 SRR6457426 
CTD66.2M.11.2 DP04 B287 Mixed_water 2 1.Surface 29.9555 34.103 0.226 4.388 SRR6457427 
CTD66.2M.11.3 DP04 B287 Mixed_water 2 1.Surface 29.9555 34.103 0.226 4.388 SRR6457424 
CTD66.340M.4.1 DP04 B287 Mixed_water 340 3.Mesopelagic 10.613 35.275 0.063 2.595 SRR6457425 
CTD66.340M.4.2 DP04 B287 Mixed_water 340 3.Mesopelagic 10.613 35.275 0.063 2.595 SRR6457422 
CTD66.340M.4.3 DP04 B287 Mixed_water 340 3.Mesopelagic 10.613 35.275 0.063 2.595 SRR6457423 
CTD66.70M.8.1 DP04 B287 Mixed_water 70 2.Epipelagic 21.7925 36.508 0.449 4.051 SRR6457354 
CTD66.70M.8.2 DP04 B287 Mixed_water 70 2.Epipelagic 21.7925 36.508 0.449 4.051 SRR6457353 






CTD67.1501.3.1 DP04 B252 Common_water 1501 4.Bathypelagic 4.3165 34.965 0.029 4.573 SRR6457351 
CTD67.1501.3.2 DP04 B252 Common_water 1501 4.Bathypelagic 4.3165 34.965 0.029 4.573 SRR6457350 
CTD67.1501.3.3 DP04 B252 Common_water 1501 4.Bathypelagic 4.3165 34.965 0.029 4.573 SRR6457349 
CTD67.2M.11.1 DP04 B252 Common_water 2 1.Surface 30.0415 34.652 0.124 4.261 SRR6457348 
CTD67.2M.11.2 DP04 B252 Common_water 2 1.Surface 30.0415 34.652 0.124 4.261 SRR6457347 
CTD67.2M.11.3 DP04 B252 Common_water 2 1.Surface 30.0415 34.652 0.124 4.261 SRR6457356 
CTD67.415M.5.1 DP04 B252 Common_water 415 3.Mesopelagic 9.58 35.134 0.029 2.591 SRR6457355 
CTD67.415M.5.2 DP04 B252 Common_water 415 3.Mesopelagic 9.58 35.134 0.029 2.591 SRR6457214 
CTD67.415M.5.3 DP04 B252 Common_water 415 3.Mesopelagic 9.58 35.134 0.029 2.591 SRR6457215 
CTD67.80M.7.1 DP04 B252 Common_water 80 2.Epipelagic 21.6455 36.432 0.618 4.221 SRR6457216 
CTD67.80M.7.2 DP04 B252 Common_water 80 2.Epipelagic 21.6455 36.432 0.618 4.221 SRR6457217 
CTD67.80M.7.3 DP04 B252 Common_water 80 2.Epipelagic 21.6455 36.432 0.618 4.221 SRR6457218 
CTD68.1500.1.1 DP04 B175 Common_water 1500 4.Bathypelagic 4.3525 34.963 0.036 4.548 SRR6457219 
CTD68.1500.1.2 DP04 B175 Common_water 1500 4.Bathypelagic 4.3525 34.963 0.036 4.548 SRR6457220 
CTD68.1500.1.3 DP04 B175 Common_water 1500 4.Bathypelagic 4.3525 34.963 0.036 4.548 SRR6457221 
CTD68.2.11.1 DP04 B175 Common_water 2 1.Surface 30.288 35.197 0.09 4.342 SRR6457212 
CTD68.2M.11.2 DP04 B175 Common_water 2 1.Surface 30.288 35.197 0.09 4.342 SRR6457213 
CTD68.2M.11.3 DP04 B175 Common_water 2 1.Surface 30.288 35.197 0.09 4.342 SRR6457132 
CTD68.374M.4.1 DP04 B175 Common_water 374 3.Mesopelagic 10.706 35.297 0.05 2.507 SRR6457131 
CTD68.374M.4.2 DP04 B175 Common_water 374 3.Mesopelagic 10.706 35.297 0.05 2.507 SRR6457134 
CTD68.374M.4.3 DP04 B175 Common_water 374 3.Mesopelagic 10.706 35.297 0.05 2.507 SRR6457133 
CTD68.51M.7.1 DP04 B175 Common_water 51 2.Epipelagic 24.039 36.377 0.686 4.81 SRR6457136 
CTD68.51M.7.2 DP04 B175 Common_water 51 2.Epipelagic 24.039 36.377 0.686 4.81 SRR6457135 




APPENDIX II QIIME and PICRUSt code 
QIIME Code 
Version: QIIME 1.9.1 
Coding Environment: Conda (Python based) on MacOS 
OTU picking method: closed reference 
Reference database: Greengenes 13.8 (Aug 2013) release 
OTU threshold: 97% similarity 
 
source activate base 
conda activate qiime1 
cd ~/working_directory 
validate_mapping_file.py -p -b -m mapping_file.txt -o 
validated_mapping_file 
echo "split_libraries_fastq:phred_offset 33" >> 
split_libraries_params.txt 
multiple_split_libraries_fastq.py -i persample_sequence_data -o 
split_libraries -m sampleid_by_file -p split_libraries_params.txt 
echo "pick_otus:enable_rev_strand_match True"  >> 
$PWD/otu_picking_params_97.txt 
echo "pick_otus:similarity 0.97" >> $PWD/otu_picking_params_97.txt 










Version: PICRUSt 1.1.3 
Coding Environment: Conda (Python based) on MacOS 
Requirements: QIIME 1.9.1 
Data output type: with chloroplast, whole abundance 
 
conda install -c bioconda picrust 
conda activate 
download_picrust_files.py 
normalize_by_copy_number.py -i otu_table.biom -o otus_corrected.biom 
biom convert -i otus_corrected.biom -o otus_corrected.txt --to-tsv --
header-key taxonomy 
predict_metagenomes.py -i otus_corrected.biom -o ko_predictions.biom -
a –-with_confidence 
biom convert -i ko_predictions.biom -o ko_predictions.txt --to-tsv --
header-key KEGG_Description 
categorize_by_function.py -i ko_predictions.biom -c KEGG_Pathways -l 3 
-o pathway_predictions.biom 
biom convert -i pathway_predictions.biom -o pathway_predictions.txt --





APPENDIX III PICRUSt Functions Relative Abundance Table 
 
Table 6: Relative Abundance of all PICRUSt KEGG Level 1 Functions for DP03. Normalized
 across samples and averaged across depth zones. 
KEGG Level 1 Pathways 1.Surface 2.Epipelagic 3.Mesopelagic 4.Bathypelagic 
Cellular Processes 0.0275 0.0279 0.0332 0.0394 
Environmental Information 
Processing 0.1054 0.1060 0.1127 0.1168 
Genetic Information Processing 0.1842 0.1824 0.1802 0.1744 
Human Diseases 0.0121 0.0110 0.0104 0.0106 
Metabolism 0.5485 0.5437 0.5209 0.5116 
Organismal Systems 0.0078 0.0079 0.0077 0.0078 
Unclassified 0.1145 0.1211 0.1349 0.1394 
 
Table 7: Relative Abundance of all PICRUSt KEGG Level 1 Functions for DP04. Normalized
 across samples and averaged across depth zones. 
KEGG Level 1 Pathways 1.Surface 2.Epipelagic 3.Mesopelagic 4.Bathypelagic 
Cellular Processes 0.0291 0.0318 0.0370 0.0412 
Environmental Information 
Processing 0.1040 0.1060 0.1118 0.1169 
Genetic Information Processing 0.1796 0.1795 0.1790 0.1730 
Human Diseases 0.0124 0.0110 0.0103 0.0107 
Metabolism 0.5427 0.5305 0.5153 0.5095 
Organismal Systems 0.0076 0.0079 0.0077 0.0077 




APPENDIX IV R code for Multivariate Statistical Analyses 
R Studio version: 1.1.453 
R version: 3.5.3 
Libraries/packages used: data.table, base, ggplot2, vegan 
 






##Part1: OTU Taxonomic Analyses------ 
#import raw OTU data and metadata 
otus.raw <- read_xlsx(file.choose(), header=T) 
metadata <- read_xlsx(file.choose(), header=T) 
 
#make sure the row names are same in both the datasets 
all.equal(rownames(otus.raw),rownames(metadata)) 
 
##1.1 OTU table cleanup------ 
#Reduce noise: remove OTUs with total absolute abundance of 1 
(singletons), sum > 1 
n <- 1 
unique.col <- which(colSums(otus.raw)>n) 
otus.nonoise <- otus.raw[,unique.col] 
#save the denoised data 





#Remove rare taxa: remove OTUs that are present only once, count > 1 
#carried out in Excel using COUNT function on denoised data 
 
##1.2 Normalize for relative abundance------ 
#import OTU data after previous quality control steps 
otus <- read.table(file.choose(), header=T, sep ="\t") 
 
#normalize raw abundance data by sample 
otus.relabund <- decostand(otus, method = "total") 
#save the relative abundance data 
write.table(otus.relabund, "otus_norm.txt", sep="\t") 
 
##1.3 Beta diversity using Bray-Curtis dissimilarity index------ 
otus.bray <- vegdist(otus.relabund, method = "bray") 
 
#Test effect of pelagic zones (depth stratification) on OTUs 
adonis(otus.bray~Pelagic_zone, data = metadata) 
 
#Test the effect of stations (spatial distribution) on OTUs 
adonis(otus.bray~Station, data = metadata) 
 
##1.4 PCoA plot------ 
#calculate betadispersion 
otus.betadisp <- betadisper(otus.relabund, metadata$Pelagic_zone) 






plot(otus.betadisp, main = "Taxa Bray-Curtis PCoA") 
 
##1.5 SIMPER test to obtain similarity/dissimilarity percentages----- 
otus.simp <- simper(otus.relabund, metadata$Pelagic_zone, 





#to summarize dissimilarity percentages by group/site 
lapply(otus.simp, FUN=function(x){x$overall) 
 
##1.6 CCA plot for effect of environmental variables-------- 
#samples with missing environmental data were excluded 







#zero the variables 
set.seed(42); lwr <- cca(otus.relabund~1, data=metadata) 
lwr 
 




set.seed(42); mods.all <- ordiR2step(lwr, scope = formula(env.cca)) 











cca.otus <- plot(mods.all,type = "none") 
points(cca.otus, "sites", col= "green", pch=3, 
select = metadata$Pelagic_zone == "1.Surface") 
points(cca.otus, "sites", col= "black", pch=1, 
select = metadata$Pelagic_zone == "2.Epipelagic") 
points(cca.otus, "sites", col= "blue", pch=4, 
select = metadata$Pelagic_zone == "3.Mesopelagic") 
points(cca.otus, "sites", col= "red", pch=2, 
select = metadata$Pelagic_zone == "4.Bathypelagic") 
 
ef.all <- envfit(cca.otus, 
metadata[,c("Temperature","Oxygen","Chla","Salinity")]) 






unique(metadata$Pelagic_zone))), cex = 0.99, pch=1:4, 
col=1:length(unique(metadata$Pelagic_zone))) 
 
#rerun steps 1.1 - 1.6 for the second cruise dataset 
 
##Part2: PICRUSt Functional Analyses------ 
picrust.raw <- read_xlsx(file.choose(), header=T) 
 
#import subsetted KEGG level 3 metabolism pathway abundances from the 
complete picrust dataset 
metabolism.raw <- read_xlsx(file.choose(), header=T)  
 
##2.1 Normalize for relative abundance------ 
picrust.relabund <- decostand(picrust.raw, method = "total") 
#normalizes across sample 
#save the relative abundance data 
write.table(picrust.relabund, "otus_norm.txt", sep="\t") 
 
metabolism.relabund <- decostand(metabolism.raw, method = "total") 
#normalizes across sample 
#save the relative abundance data 
write.table(metabolism.relabund, "otus_norm.txt", sep="\t") 
 
##2.2 Beta diversity using Bray-Curtis dissimilarity index------ 
metabolism.bray <- vegdist(metabolism.relabund, method = "bray") 
 





adonis(metabolism.bray~Pelagic_zone, data = metadata) 
 
#Test effect of stations (spatial distribution) on metabolic pathways 
adonis(metabolism.bray~Station, data = metadata) 
 
#Test effect of mesoscale features on metabolic pathways 
adonis(metabolism.bray~mesoscale_feat, data = metadata) 
 
##2.3 PCoA plot------ 
metabolism.betadisp <- betadisper(metabolism.relabund, 
metadata$Pelagic_zone) 
boxplot(metabolism.betadisp) #view in boxplot 
plot(metabolism.betadisp, main = "Metabolism Bray-Curtis PCoA") 
#PCoA plot 
 
##2.4 SIMPER test to obtain similarity/dissimilarity percentages------ 
metabolism.simp <- simper(metabolism.relabund, 





#to summarize dissimilarity percentages by group/site 
lapply(metabolism.simp, FUN=function(x){x$overall}) 
 
##2.5 CCA plot for effect of environmental variables------ 











#zero the variables 
set.seed(42); lwr <- cca(otus.relabund~1, data=metadata) 
lwr 
 
#using a forward selecting model 
set.seed(42); mods.all <- ordiR2step(lwr, scope = formula(env.cca)) 











cca.metabolism <- plot(mods.all,type = "none") 
points(cca.metabolism, "sites", col= "green", pch=3, 




points(cca.metabolism, "sites", col= "black", pch=1, 
select = metadata$Pelagic_zone == "2.Epipelagic") 
points(cca.metabolism, "sites", col= "blue", pch=4, 
select = metadata$Pelagic_zone == "3.Mesopelagic") 
points(cca.metabolism, "sites", col= "red", pch=2, 
select = metadata$Pelagic_zone == "4.Bathypelagic") 
 
ef.all <- envfit(cca.metabolism, 
metadata[,c("Temperature","Oxygen","Chla","Salinity")]) 
plot(ef.all, title(main="PICRUSt Metabolism CCA")) 
 
legend("topright",legend=as.character(paste(" ", 
unique(metadata$Pelagic_zone))), cex = 0.99, pch=1:4, 
col=1:length(unique(metadata$Pelagic_zone))) 
 
#rerun steps 2.1 – 2.5 for the second cruise dataset 
 
##2.6 NMDS plot for seasonal and annual effects by depth zone-------- 
#from the interated PICRUSt dataset, sort and subset metabolism data, 
#and the associated mapping data by depth zone 
srf <- read_xlsx(file.choose(), header=T) #surface data 
epi <- read_xlsx(file.choose(), header=T) #epipelagic data 
meso <- read_xlsx(file.choose(), header=T) #mesopelagic data 
bathy <- read_xlsx(file.choose(), header=T) #bathypelagic data 
 
metadata.srf <- read_xlsx(file.choose(), header=T) #surface data 




metadata.meso <- read_xlsx(file.choose(), header=T) #mesopelagic data 
metadata.bathy <- read_xlsx(file.choose(), header=T) #bathypelagic  
data 
 





srf.bray.nmds <- metaMDS(srf, distance="bray", trymax=100) 
mds.fig.srf <- ordiplot(srf.bray.nmds, display="sites") 
ordiellipse(mds.fig.srf, metadata.srf$Season, label = F, 
 col=2:5, conf=0.95, lwd=1.5, cex=1.5, title(main="Surface")) 
 
#epipelagic 
epi.bray.nmds <- metaMDS(epi, distance="bray", trymax=100) 
mds.fig.epi <- ordiplot(epi.bray.nmds, display="sites") 
ordiellipse(mds.fig.epi, metadata.epi$Season, label = F, 
 col=2:5, conf=0.95, lwd=1.5, cex=1.5, title(main="Epipelagic")) 
 
#mesopelagic 
meso.bray.nmds <- metaMDS(meso, distance="bray", trymax=100) 
mds.fig.meso <- ordiplot(meso.bray.nmds, display="sites") 
ordiellipse(mds.fig.meso, metadata.meso$Season, label = F, 






bathy.bray.nmds <- metaMDS(bathy, distance="bray", trymax=100) 
mds.fig.bathy <- ordiplot(bathy.bray.nmds, display="sites") 
ordiellipse(mds.fig.bathy, metadata.bathy$Season, label = F, 





mds.fig.srf <- ordiplot(srf.bray.nmds, display="sites") 
ordiellipse(mds.fig.srf, metadata.srf$Year, label = T, 
 col=1:2, conf=0.95, lwd=1.5, cex=1.5, title(main="Surface")) 
 
#epipelagic 
mds.fig.epi <- ordiplot(epi.bray.nmds, display="sites") 
ordiellipse(mds.fig.epi, metadata.epi$Year, label = F, 
 col=1:2, conf=0.95, lwd=1.5, cex=1.5, title(main="Epipelagic")) 
 
#mesopelagic 
mds.fig.meso <- ordiplot(meso.bray.nmds, display="sites") 
ordiellipse(mds.fig.meso, metadata.meso$Year, label = F, 
 col=1:2, conf=0.95, lwd=1.5, cex=1.5, title(main="Mesopelagic")) 
 
#bathypelagic 
mds.fig.bathy <- ordiplot(bathy.bray.nmds, display="sites") 
ordiellipse(mds.fig.bathy, metadata.bathy$Year, label = F, 





##Part3: PICRUSt Temporal Analyses------ 
 
#externally integrate normalized PICRUSt datasets of cruises DP02, 
DP03, DP04 
#subset for KEGG Level 3 metabolism pathways, and import 
metabolism.integrated <- read_xlsx(file.choose(), header=T) 
metadata.integrated <- read_xlsx(file.choose(), header=T) 
 
##3.1 Beta diversity using Bray-Curtis dissimilarity index----- 
temporal.bray <- vegdist(metabolism.integrated, method = "bray") 
 
#Test the effect of season (May vs Aug) 
adonis(temporal.bray~Season, data = metadata.integrated) 
 
#Test the effect of year (2015 vs 2016) 
adonis(temporal.bray~Year, data = metadata.integrated) 
 
#Test the effect of cruise (DP02 vs DP03 vs DP04) 
adonis(temporal.bray~Cruise, data = metadata.integrated) 
 
##3.2 SIMPER test to obtain similarity/dissimilarity percentages------ 
 
#Test the effect of season (May vs Aug) 
season.simp <- simper(metabolism.integrated, 







#to summarize dissimilarity percentages by group/site 
lapply(season.simp, FUN=function(x){x$overall) 
 
#Test the effect of year (2015 vs 2016) 
year.simp <- simper(metabolism.integrated, 
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Figure 23. Weighted UniFrac PCoA of taxonomic abundance with scaled coordinates. The plot shows 







Figure 24. NMDS plot of metabolism across seasons (May vs August) at different depth zones. 







Figure 25. NMDS plot of metabolism across year (2015 vs 2016) at different depth zones. Metabolism 
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Microbial communities, or microbiomes, are the major drivers of global biogeochemical 
cycles, acting as primary producers and decomposers across the water column in the oceans. Thus, 
they reflect changes in physicochemical properties and nutrient composition of the ocean. 
However, this correlation between ecological changes and the function of marine microbiomes is 
poorly understood. As part of the DEEPEND Consortium, previously sequenced 16S rRNA gene 
data of 466 samples from cruises in May and August of 2016 was used to characterize the function 
of microbiomes across the pelagic Northern Gulf of Mexico (NGoM). The Phylogenetic 
Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) approach was 
used for predicting biomolecular function based on the KEGG database inferred from 16S rRNA 
sequences. This is the first comprehensive study characterizing the function of pelagic microbial 
communities across the GoM. Metabolism was the most abundant function at KEGG Level 1, and 
further analyses were centered on pathways within this function. Strong depth zone stratification 
of metabolic function was observed (p<0.001), with a major shift in function between euphotic 
zone and aphotic zone, associated with a major differential abundance of photosynthetic functional 
signatures. These functions were followed by methane metabolism in abundance, indicating that 
the microbial communities switch to primarily chemosynthetic processes in the aphotic zones. Five 
physicochemical environmental variables resulted in a strong association with function, explaining 
more variation in metabolism (DP03: 63.2%, DP04: 77.3%) than taxa (DP03: 14.3%, DP04: 
25.8%). Among these variables, temperature was the major environmental driver of function 
(DP03: 55.4%, DP04: 68%). GIS spatial analysis of methane metabolism across the aphotic zone 
showed that offshore sites had relatively higher metabolism than nearshore. Temporal analyses 
showed photosynthetic primary productivity was significantly different across season but not year, 
which may be attributed to high seasonal outflow of the Mississippi river. 
 
 







 A significant portion of the Earth’s primary production occurs in the oceans, which 
occurs throughout the water column from the sunlit upper layers to the deep pelagic. Microbes 
are the sole primary producers in the oceans, providing organic carbon for higher trophic levels. 
Microbes also act as decomposers throughout the water column, scavenging and recycling the 
organic carbon. Hence they are affected by ecosystem changes such as changes in circulation, 
and nutrient input, essentially acting as ‘first responders’. Large-scale studies in the past decade 
have analyzed the dynamics of these communities and their correlation and interaction with 
marine environments across the global oceans (Rusch et al., 2007; Sunagawa et al., 2015). These 
studies found that microbial community structure and function is strongly driven by 
environmental factors. The structure of ocean microbial communities is primarily driven by 
depth, while in the euphotic zone, temperature is the major environmental factor, followed by 
Dissolved Oxygen (DO), driving the taxonomic composition and function of microbial 
communities (Sunagawa et al., 2015). Microbial communities reflect changes in nutrient 
composition and physicochemical properties such as temperature, salinity, and DO (DeLong and 
Karl, 2005; Xu, 2006; Fuhrman, 2009). The microbial ecology of marine environments 
differentiates between pelagic habitats and offers biological insight into the overall functioning 
and health of the oceans and constituent fauna. 
An emerging trend in the upper layers of the global oceans is that temperature is the main 
environmental variable driving community structure (Sunagawa et al., 2015; Logares et al., 2018). 
Metabolic functions such as photosynthesis and photoheterotrophy are the most abundant in this 
region, where Calvin cycle carbon fixation enzymes were highly expressed. The Tara Oceans study 
also found genes responsible for aerobic respiration and photosynthesis in the mesopelagic, 
suggesting the presence of upper-layer microbes in the sinking marine snow, as they adapt to 
different niches and carry out remineralization. As depth increases and sunlight and temperature 
decrease, microbial communities switch to chemosynthesis processes and expand into metabolic 
niches, increasing functional richness with depth (Orcutt et al., 2011; Sunagawa et al., 2015). 
Nitrate, nitrite, and sulfur reduction metabolism processes increase to support the energy 
requirements. Most heterotrophic respiration is fueled by sinking organic matter (Mestre et al., 




organic and inorganic matter. Along with sinking organic matter, environments such as 
hydrothermal vents, seeps, and sediments also show high microbial activity. 
Microbial communities, or microbiomes, have only been studied recently, with the 
application of Next-Gen Sequencing (NGS) in 16S rRNA and metagenomic surveys. Microbial 
ecology studies from different marine environments are mostly based on the composition of 
microbial communities, with fewer studies on function. Analyses of such communities revealed 
patterns that could not be explained by taxonomic composition. Global trends show similar 
taxonomic composition across different spatial environments (Sunagawa et al., 2015), and varying 
community structure in similar environments (Fernández et al., 1999). Based on metabolic 
pathways, marine water bodies can be differentiated and environmental stressors can also be 
identified (Rusch et al., 2007). To study marine microbial community dynamics, functional 
profiling can also take into account globally connected water masses which may transport 
microbes across global oceans and show unexplained taxonomic trends. Recent studies have 
shown higher correlation between environmental conditions and function than composition 
(Louca, Parfrey, and Doebeli, 2016). 
The idea of functional redundancy explains these variations by suggesting that community 
functional dynamics are independent of community composition. Taxonomic studies hence do not 
allow enough resolution to effectively analyze community dynamics with respect to 
biogeochemical cycles. A possible explanation for this disparity is the lack of inclusion of 
phenomena such as HGT, which allows microbes in an environment to transfer genetic material to 
perform ecologically relevant functions (Boucher et al., 2003; Falkowski, Fenchel, and Delong, 
2008). Taxonomically-different clades can thus perform similar metabolic functions, contributing 
to survival of whole community. 
Studying community function is also challenging as it requires metagenomic approaches, 
which are resource and computationally intensive. The Phylogenetic Investigation of Communities 
by Reconstruction of Unobserved States (PICRUSt) approach assists in finding out whole 
community gene composition and community function using 16S sequence data (Langille et al., 
2013). Recent applications of PICRUSt include studies on the coastal Arabian Sea (Kumar, 




dispersants on marine biofilms (Salerno et al., 2018), and dinoflagellate (Zhou et al., 2018) and 
phytoplankton blooms (Nowinski et al., 2019). 
The Gulf of Mexico (GoM) is an ocean basin between the North and South American 
continents, providing high economic and ecological value to the region (Goolsby et al., 1999; Shen 
et al., 2016; Ward and Tunnell, 2017). One of the major geographic features of the Northern GoM 
(NGoM) is the Mississippi River delta (Fig. 2) which drains the contiguous 48 states of the United 
States and accounts for 90% of the freshwater input into the GoM (Rabalais et al., 1996). The 
Mississippi river flows through regions of high agricultural activity and urban settlements and 
serves as a drainage for runoffs from these areas, thus accumulating sediments and nutrients. As 
the river flows into the GoM, it transfers sediments and nutrients along with the freshwater, thereby 
acting as a major driving force shaping the microbial communities and the ecosystem (Rabalais, 
Turner, and Wiseman Jr, 2002). An ongoing bottom-water hypoxic zone present in the summer 
(and in progress since 1985), combined with events such as the Deepwater Horizon oil spill 
(DWHOS) in 2010, has disrupted this fragile ecosystem and has decreased the survival rates of 
fauna across all trophic levels (Rabalais et al., 2007). The Deep-Pelagic Nekton Dynamics 
(DEEPEND) Consortium was established to characterize the meso- and bathypelagic zones of the 
NGoM and establish baseline data characterizing pelagic fauna and biogeochemical cycles (Sutton 
et al., 2017). 
The composition of microbial communities of the GoM has been well characterized using 
NGS over the past decade. A geophysical feature of the NGoM driving the community structure 
is the Mississippi River plume. The effects of the oil spill and resultant change in pelagic microbial 
communities was also observed in beach samples off Louisiana, showing the relatively quick 
coastal impacts with presence of hydrocarbon-degrading taxa such as Gammaproteobacteria 
(Lamendella et al., 2014). Given the lack of baseline data, the DEEPEND Consortium aims to 
characterize the structure and function of microbial communities across the NGoM. Analysis from 
the biannual cruises in 2015 showed strong depth selection of microbial communities, correlated 
with salinity and turbidity at upper layers and circulation patterns at depth (Easson and Lopez, 
2019). While much is known about the community composition and diversity, there are fewer 
functional studies on the pelagic GoM. The interactions and effects of oceanographic features such 




composition and structure are not clearly understood. As part of this study, microbial 16S sequence 
data and PICRUSt was used to identify and characterize the structure and function of microbial 
communities from the NGoM, and quantitatively assist future environmental impact assessments. 
 
Methods 
Seawater samples from the NGoM were previously obtained from bi-annual cruises in 
2016 as part of the DEEPEND Consortium (Fig 3). Sample processing and sequence data made 
available for this study was previously generated by Dr. Cole G. Easson. The two cruises from 
2016 analyzed in this study for community structural and functional analyses sampled 9 stations 
during 30 April-14 May (DP03), and 12 stations during 5-9 August (DP04). Seawater was 
collected at each station across four depth zones: Surface (0-10m), Epipelagic (20-200m), 
Mesopelagic (201-1000m) and Bathypelagic (1000-1600m), and three water types: Common 
water, Mixed water and Loop Current. Each station had day and night sampling across the four 
depth zones (Table 1). Environmental parameters included in the analyses for this study include 
temperature, salinity, chlorophyll a concentration, and DO (Supplementary Data I). 
Seawater was filtered through 0.45 µm filter membranes, and DNA was extracted 
following standard Earth Microbiome Project (EMP) protocols. The V4 hypervariable region of 
the 16S rRNA gene was amplified using primers 515F and 806R and sequenced on Illumina MiSeq 
by Dr. Cole G. Easson (for detailed methods, see: Easson and Lopez, 2019). The resulting raw 
paired-end sequence data for a total of 476 microbial samples from cruises DP03 (n=293) and 
DP04 (n=183) used for this study was publicly available from the NCBI Sequence Read Archive 
database under Accession #PRJNA429259, and the Gulf of Mexico Research Initiative 
Information and Data Cooperative (GRIIDC) database (https://data.gulfresearchinitiative.org, 
RFP-IV, DEEPEND) under UDI R4.x257.228:0008. Nine ONOFF samples from DP03 were 
excluded from further analyses and CTD41.S.2 was lost during taxonomic assignment, leaving a 
total of 283 samples for this cruise. The respective environmental data is available on GRIIDC 
under UDI R4.x257.230:0011 (DP03) and R4.x257.230:0012 (DP04). PICRUSt data has been 





Figure 3. DP03 DP04 Sampling stations. DP03 cruise covered 9 stations and DP04 cruise
 covered 12 stations across north Gulf of Mexico as part of the DEEPEND Consortium. The
 basemap is ETOPO1 bathymetry. 
 
Table 1. Sampling summary. Sample location and cruise description. Microbial samples from
 each station and depth had 3 replicates (included). 
 
Taxonomic Assignment 
Taxonomic assignment of 16S sequence data was carried out on Quantitative Insights Into 
Microbial Ecology (QIIME) ver. 1.9.1 (Caporaso et al., 2010). The script 
multiple_split_libraries_fastq.py, with the option Phred_offset 33, was run on the per-sample 
sequence data for demultiplexing. Demultiplexed data was then used as input to assign taxonomy 
and pick OTUs using the pick_closed_reference_otus.py script, the standard 97% sequence 
similarity cutoff, and Greengenes ver. 13.8 (DeSantis et al., 2006) as the reference database. This 




Functional inference of sequence data was carried out using PICRUSt ver. 1.1.3 (Langille 
et al., 2013) locally in the Python-based Conda programming environment. The OTU table output 
from taxonomic assignment was used as input for the script normalize_by_copy_number.py to 
normalize the OTU abundance for gene copy number. Per-sample functional predictions are then 
carried out based on Kyoto Encyclopedia of Genes and Genomes (KEGG) database Orthologs 
(KO) using the corrected OTUs, using the script predict_metagenomes.py (Kanehisa et al., 2007). 
Weighted Nearest Sequenced Taxon Index (NSTI) values were also calculated with the option -a 







Raw 16S sequence data was summarized using FastQC (Andrews, 2010) and MultiQC 
(Ewels et al., 2016) on the Galaxy platform (Afgan et al., 2018). Whole abundance OTU and 
PICRUSt data was summarized by depth zone using the QIIME script 
summarize_taxa_through_plots.py. Further statistical analyses were carried out in R Studio ver. 
1.1.453 using the packages ggplot2, clusterSim, and vegan (Oksanen et al., 2011). Raw OTU 
abundance data was cleaned up to reduce noise by removing OTUs that were present once or had 
a total absolute abundance of 1. Due to the dilute nature of marine environment, the cleanup 
process was less stringent than other microbial environments such as aquatic or soil to ensure 
sufficient coverage. Whole abundance OTU and PICRUSt tables were then normalized across each 
sample using the option n10 of the data.Normalization function in clusterSim package. All further 
statistical tests were conducted on the relative abundance data. 
 Taxonomic and functional data were analyzed using the vegan package in R Studio. Beta 
diversity was analyzed using Bray-Curtis dissimilarity index. Bray-Curtis dissimilarity was 
calculated using the vegdist function. Principal Coordinate Analysis (PCoA) was used to visualize 
this dissimilarity matrix in a two-dimensional plot using the function betadisper. The function 
adonis was used for pairwise comparison between Bray-Curtis dissimilarity and environmental 
data. To find the features causing the (dis)similarity, the simper function was used which calculates 
Similarity of Percentages. DP02 data was only included for temporal analyses. 
 
Results 
Following EMP Ontology (EMPO) classification, the microbial environment for this study 
is defined as free-living (level 1), saline (level 2), and surface and water (level 3) (Thompson et 
al., 2017). Cruise DP03 was undertaken during the end of spring season which sees a higher 
outflow of MR river, lower surface temperatures and just before the onset of hypoxia (Rabalais, 
Turner, and Wiseman Jr, 2002). Cruise DP04 was undertaken near the end of summer season which 
sees a relatively less outflow from MR, has higher surface temperatures, and is after the hypoxia 
season. Sampling depths in the epipelagic zone corresponded to the deep chlorophyll maximum 




average 76,053 sequences per sample with an average sequence length of 253 bp. Samples with 
duplicate MiSeq sequencing runs were combined to get accurate averages. DP04 sequence data 
consists of average 107,738 sequences per sample with an average sequence length of 251 bp. 
 
Depth Stratification 
For the PICRUSt functional data, weighted NSTI values were calculated as recommended 
by Langille et al., (2013). Mean weighted NSTI values for DP03 (0.17 ± 0.042) and DP04 (0.17 ± 
0.047) were relatively high, indicating fewer marine metagenomes available in reference 
databases. PICRUSt output resulted in a total of 310 KEGG level 3 functional pathways for DP03 
and 314 pathways for DP04. PICRUSt data was also summarized using the 
summarize_taxa_through_plots.py script after reorganizing the raw functional abundance output 
into a QIIME-compatible BIOM format. Average relative abundance of KEGG level 1 pathways 
across the water column shows that Metabolism was the dominant functional category (DP03: 
53.1%, DP04: 52.4%). The next known abundant pathways were Genetic Information Processing 
(GIP) (DP03: 18.0%, DP04: 17.8%) and Environmental Information Processing (EIP) (DP03: 
11.0%, DP04: 11.0%). 
For KEGG level 2 analyses, percentages are calculated across respective KEGG level 1 
pathways. The most abundant metabolic pathway was amino acid metabolism (DP03: 21.3%, 
DP04: 21.2%), followed by carbohydrate metabolism (DP03: 18.7%, DP04: 18.6%) (Appendix 
III). The abundance of amino acid metabolism and carbohydrate metabolism, increased with depth, 
while the following two, energy metabolism and metabolism of cofactors and vitamins, decreased 
(Fig. 13, 14). Among GIP and EIP, membrane transport and replication and repair processes 
decreased with depth, while translation, signal transduction  and folding, sorting and degradation, 
and transcription increased. 
 
Figure 13 and Figure 14. Average Relative Abundance of KEGG Level 2 Metabolic Pathways
 from DP03 and DP04. Depth profiles of KEGG level 2 pathways under the level 1 category of




 respectively. Dashed lines represent pathway abundance decreasing from surface to
 bathypelagic. 
 
Further analyses were centered on metabolism at KEGG level 2 and 3 pathways. At the 
finest functional resolution, KEGG level 3, metabolic functions varied significantly across 
individual depth zones (adonis test, DP03: p<0.001, DP04: p<0.001). PCoA plots based on Bray-
Curtis distance of KEGG level 3 metabolic functions showed that metabolism in the surface and 
epipelagic zones clustered distinct from that in mesopelagic and bathypelagic zones, with a slight 
extension of epipelagic function into the aphotic zone during DP03 (Fig. 17, 18). 
 
Figure 17. DP03 Metabolism Bray-Curtis PCoA. Clustering of metabolism in euphotic and
 aphotic zone based on a PCoA plot. The difference in function between epipelagic and
 mesopelagic (8.8%, SIMPER) was twice more than that between other consecutive depth zones. 
 
Figure 18. DP04 Metabolism Bray-Curtis PCoA. Distinct clustering of metabolism in euphotic
 and aphotic zone based on a PCoA plot. The difference in function between epipelagic and
 mesopelagic (8.36%, SIMPER) was more than that between other consecutive depth zones. 
 
Across consecutive depth zones, the largest difference was between epipelagic and 
mesopelagic (SIMPER summary, DP03: 8.8%, DP04: 8.36%), twice more than surface-epipelagic 
and mesopelagic-bathypelagic. The major pathways significantly different between epipelagic and 
mesopelagic were photosynthesis proteins, photosynthesis, and porphyrin and chlorophyll 
metabolism (SIMPER cumulative sum, DP03: 25.1%, DP04: 27.7%) (Table 2). These were 
followed by methane metabolism (DP03: 3.7%, DP04: 3.4%). 
A CCA test was conducted using a forward-selecting model building function to analyze 
the effects of environmental variables on community function. Environmental variables explained 




the major environmental driver (R2 adjusted, DP03: 0.554, DP04: 0.679). Across geospatial 
features, metabolism across stations of both cruises was significantly different in the euphotic 
(adonis test, p<0.001) and aphotic zones (adonis test, p<0.002). Across common water, mixed 
water, and Loop Current water classifications, metabolism was significantly different across 
euphotic zones of both cruises (adonis test, p<0.001) and across aphotic zone in DP03 (adonis test, 
p<0.05). However, metabolism was not different across aphotic zone of DP04. 
 
Temporal Analyses – Structure and Dynamics 
Depth zones explained 70.6% variation in metabolism during DP04 as compared to 63.6% 
variation during DP03. Functional abundance data from three cruises, DP02, DP03 and DP04 was 
used for the following temporal analyses. Microbial metabolism was significantly different across 
seasons of May and August (adonis test, dF = 1, F = 14.133, R2 = 0.02305, p<0.001). The top three 
differential metabolic functions across seasons were photosynthesis proteins, photosynthesis, and 
porphyrin and chlorophyll metabolism (SIMPER, cumulative sum 22.1%). Metabolism was also 
significantly different annually across 2015 and 2016 (adonis test, dF = 1, F = 22.476, R2 = 
0.03617, p<0.001). Although the top three differential functions were the same as those across 
seasons, they were not significantly different annually. Across individual cruises, these 
photosynthetic functions were significantly different across DP03-DP04 (SIMPER, p<0.01), and 
not across DP02-DP03 or DP02-DP04. Overall, metabolism across seasons and year was more 
stable with increase in depth (Appendix V). 
 
Discussion 
Marine microbial communities constitute a significant portion of the ocean biomass and 
are the sole primary producers across depth zones. However, they have only recently been studied 
for structure, function, distribution, and dynamics. Large-scale studies such as GOS (Rusch et al., 
2007), Malaspina expedition (Duarte, 2015), and Tara Oceans (Sunagawa et al., 2015) studied 
global ocean trends and dynamics of microbiome. Small-scale studies analyzed regional microbial 
profiles, studying local effects of currents and drainage, and found distinct community structure 




consortium is to establish a baseline for microbial community structure and dynamics across the 
NGoM (Sutton et al., 2017). As part of this goal, the primary objective of this study was to 
characterize the functional profiles of the NGoM microbiome. Overall, a total of 466 16S rRNA 
amplicon samples from cruises during May and August of 2016 were analyzed for microbial 
community dynamics. 
 
Depth stratification of microbial community function 
At the broadest level, KEGG level 1, metabolism was the most abundant functional 
category for both DP03 and DP04 (relative abundance >50%), followed by Genetic Information 
Processing (GIP), Unclassified, and Environmental Information Processing (EIP) (Fig. 12). Depth 
profiles of the top three known level 1 categories were also similar across respective KEGG level 
2 functions (Fig. 13, 14). At KEGG level 2 of metabolism, amino acid metabolism and 
carbohydrate metabolism pathways increased with depth and were the most abundant, indicating 
higher biochemical function in deeper waters. A targeted functional study on carbon source 
utilization by surface microbial communities from the Arabian Sea also found carbohydrates and 
amino acids as the most utilized substrates (Kumar, Mishra, and Jha, 2019). 
All further analyses were centered on the level 3 pathways of metabolism. Metabolic 
functions were significantly different across depth zones for both cruises (adonis test, p<0.001). 
As the physicochemical parameters change noticeably from euphotic to aphotic zone, microbial 
communities adapt to this change by undergoing a major functional shift (Fig. 17, 18). 
Photosynthesis proteins, photosynthesis, and Porphyrin and chlorophyll metabolism were the 
major differential pathways between epipelagic and mesopelagic zones, accounting for 25% and 
28% of functional abundance for DP03 and DP04 respectively (Table 3, 4). This shift in function 
quantitatively supports the significance of sunlight and photosynthesis in driving the oceanic 
microbial function, as a major portion of the photosynthesis-derived organic carbon is exported to 
deeper layers (Falkowski, Barber, and Smetacek, 1998; Mestre et al., 2018). Thus any changes in 
microbial function in the euphotic zone will lead to changes in community function across depth 
zones, in turn affecting availability of organic material to higher trophic levels and global 





Table 3: SIMPER test on metabolic pathways of DP03. Major pathways causing functional shift
 from epipelagic to mesopelagic in DP03. 
 
Table 4: SIMPER test on metabolic pathways of DP04. Major pathways causing functional shift
 from epipelagic to mesopelagic in DP04. 
 
Contrary to early theories, studies in the past two decades have shown that microbes are 
present and active in the deep pelagic (Arístegui et al., 2009). In this study, the energy metabolism 
of microbial communities switched from light-dependent photosynthesis in the euphotic zone, to 
chemosynthetic processes such as methane metabolism, other sources of carbon fixation, and 
butanoate metabolism in the aphotic zone. In the GoM, a post-oil spill study from the DWHOS 
site found high amounts of methane in the deep pelagic, accounting for 15% of the released 
hydrocarbons (Reddy et al., 2012). Microbial studies in the months following the oil spill found 
high abundance of methanotrophic bacteria and low abundance in the following month, suggesting 
insufficient methane consumption (Joye, Teske, and Kostka, 2014). For this study in 2016, 
methane metabolism was slightly higher in May (DP03: 2.2%) as compared to August (DP04: 
2.15%), with highest abundance in the mesopelagic zone. 
 Quantitative studies based on Net Primary Productivity (NPP) by definition do not include 
carbon fixed by non-photosynthetic processes, which primarily occur in the aphotic zone, making 
it important to study those processes and include them in biogeochemical budgets (Orcutt et al., 
2011). As photosynthesis is replaced by chemosynthetic processes as the method of primary 
productivity in the sunlight-deprived aphotic zone, studying these processes can help identify 
dynamics of processes driving microbial communities. Activity of microbial communities in the 
deeper layers have also been connected strongly to the sinking particle flux (Nagata et al., 2000; 
Mestre et al., 2018). Microbes are known to colonize this particle flux, called marine snow, due to 
their high organic matter content. The switch in function between the euphotic and aphotic zone 
may also be attributed to this increased reliance on readily available organic carbon as energy 




and driving factors of particle flux-associated microbes versus free-living communities and how 
much do they contribute to marine nutrient cycles and global biogeochemical cycles. 
Environmental Drivers and Functional Redundancy 
Environmental variables often explain more variation in community function more 
composition (King et al., 2013; Thompson et al., 2017). For cruises DP03 and DP04, 
environmental variables explained 63% and 77% variation in metabolic function respectively. 
Temperature was the major environmental driver and positively correlated with metabolic function 
during DP03 and negatively during DP04. Although function varied significantly across depth 
zones (adonis test, p<0.001), temperature, and not individual sampling depth, was the major 
environmental driver of community function across the water column (Table 5). Compared with 
OTU taxonomic abundance, temperature explained only 8.1% and 15.3% variation, while it 
explained 55.4% and 68% of variation in function (Table 2, 5). This underlines the significance of 
temperature in driving local microbial community structure and function along with its influence 
across global marine environments (Sunagawa et al., 2015; Thompson et al., 2017). 
This difference in community taxa and community function is also observed when 
comparing relative abundance of taxonomic composition and metabolic potential. Variation in 
abundance of phylum-level taxa (relative abund. SD, DP03: 0.069, DP04: 0.072) was higher than 
that of metabolic pathways (relative abund. SD, DP03: 0.0082, DP04: 0.0081). A study on the 
global ocean microbiome also found high variation in taxonomic abundance and relatively stable 
gene functions (Sunagawa et al., 2015). The results above highlight this variation between 
taxonomic and functional potential of marine microbial communities, and support the idea of 
functional redundancy, where community function more closely reflects environmental 
conditions. 
Taxonomic analyses may not always be conclusive, as a study on oil spills found high 
abundance of hydrocarbon degraders before and after oil spill in sediment and seawater, but 
enhanced hydrocarbon genes only post oil spill (Neethu et al., 2018). The current microbial 
classification system also does not accommodate for processes such as HGT and high mutation 
rates in the taxonomy, which are key for carrying out selective functions for niche adaptation 




genetic repertoire of a microbe comprises of its core genome, which is shared across species and 
is essential for basic survival functions, and a dispensable genome which allows for selective 
adaptive functions and differentiates between strains (Medini et al., 2005; Vernikos et al., 2015). 
Hence, functional redundancy potentially offers a buffering capacity for microbial communities, 
where the underlying function may remain within a small range while the composition may vary 
considerably (Sunagawa et al., 2015; Louca, Parfrey, and Doebeli, 2016). It is this underlying 
function which is seen more closely associated with environmental factors. 
 
Table 5: CCA of environmental variables on metabolic function. Effect of environmental
 variables on community function of DP03 and DP04 showed temperature as the major
 environmental driver. 
 
Spatial, Mesoscale, and Temporal Dynamics 
There are varying reports of spatial diversity of microbial taxa from the NGoM, with cases 
for both, presence (Mason et al., 2016; Easson and Lopez, 2019) and absence (King et al., 2013) 
of spatial variability, depending on sampling time and location. Metabolic function in the NGoM 
was significantly different across sampling stations in the euphotic and aphotic zones in May 
(DP03) and August (DP04) of 2016. To further analyze what factors could be causing these 
differences, mesoscale-level water classification, based on sea-surface height and temperature, 
across the GoM was used (Johnston et al., 2019). Sampling stations were classified as present in 
common water, mixed water, or the LC region, with mixed water defined as intermediate to 
common water and LC. Function was significantly different across water classification in the 
euphotic zone during both sampling times, May (p=0.007) and August (p=0.001). While microbial 
function was also significantly different across the aphotic zone during May (p=0.023), it was 
similar in the aphotic zone during August (p=0.109). This observation can be explained by the 
combined effect of high residence time and the presence of strong water column stratification. As 
the water is stratified during summer, there is less vertical mixing and the water currents in deeper 
layers do not cause sufficient mixing, leading to similar microbial activity across the deep waters 




The euphotic zone has been extensively studied for microbial composition and functional 
dynamics across the global oceans, with emphasis on surface primary production as it is 
responsible for ~46% of global primary productivity and feeds the deeper layers with organic 
matter (Logares et al., 2018). However, supply of organic matter is less than the microbial activity 
noted in the aphotic zone, indicating significant primary production in the deep (Acinas et al., 
2019). Methane metabolism is one of the primary methods of fixing inorganic carbon in the deep. 
The abundance of methane metabolism at the site closest to the shore, B175, was higher in late 
summer of 2016 (Fig. 22) than in early spring (Fig. 21), indicating seasonal variation. Another 
sampling site slightly further offshore, B252, had high metabolism throughout both seasons. 
No correlation was found with mesoscale water classification, possibly due to low sample 
coverage of the LC, a weak LC during both cruises, or the absence of LC in the bathypelagic. The 
GoM seabed has high hydrocarbon content, including approximately 22,000 methane seeps (Joye 
et al., 2014). While specific natural seeps were not mapped along with the cruise stations, this 
difference in metabolism across the two relatively close sites may be due to the presence of a 
natural seep at/near station B252 responsible for a high steady release of methane, causing 
increased metabolism than a nearby site. Studies on microbial taxa from the GoM have shown that 
methane may be a key driving force structuring the community across water column and needs to 
be further studied (Rakowski et al., 2015). A longer time-scale analysis might also be needed to 
study temporal changes on microbial methane metabolism in the aphotic zone. Due to the higher 
number of hydrocarbon seeps in the GoM as compared with other marine ecosystems, there is 
higher concentration of methane in the deeper layers (Rakowski et al., 2015). These concentrations 
also increased 10-1000 times after the DWHOS (Joye et al., 2011). As methane is a major 
greenhouse gas and responsible for global ocean warming (Lelieveld, Crutzen, and Dentener, 
1998), among other large-scale effects, studying methane microbial dynamics may help understand 
the factors driving and affecting these dynamics. 
The strength of association of environmental variables with microbial communities differs 
between taxa and function, with seasonality strongly affecting how these variables drive microbial 
communities (Sunagawa et al., 2015). For the current dataset, environmental variables explained 
more variation of function than of taxa (Table 2, 5). Along with spatial dynamics, time-series 




potential changes to function caused by irregular natural or anthropogenic events such as 
hurricanes and oil spills. Functional data from cruise DP02 (Bos et al., 2018) was integrated with 
the current study of DP03 and DP04 for temporal analyses. 
The stratification of oceanic depth zones during summer months is evident from the 
metabolic activity of microbial communities, with depth zones explaining more metabolic 
variation during end of summer season (August 2016, DP04) and the distinct clustering of euphotic 
zones and aphotic zones, than during end of spring (May 2016, DP03). Photosynthetic primary 
productivity overall was significantly different across seasons (May vs August), but not annually 
(2015 vs 2016), supporting a previous study that also found surface primary productivity differs 
seasonally (Gilbert et al., 2012). Testing for this seasonal variation individually between the three 
time points of this study, photosynthetic functional abundance was found significantly different 
between May 2016 and August 2016, but not between August 2015 and May 2016. While the 
spring season in the NGoM is associated with higher primary productivity than summer, 
productivity across summer of 2015 was similar to that of spring 2016. A possible explanation for 
this deviation may be the presence of a strong LC observed during August 2015. Cell abundance 
studies across the NGoM have shown that the upwelling eddies formed due to the LC enhance 
nutrient mixing across the water column, thereby causing an increase in microbial plankton 
abundance and primary productivity (Williams et al., 2015). This deviation may also be due to the 
lack of sufficient sampling within the LC, as only two sites were sampled within the LC during 
May 2016 (DP03). Long-term seasonal and annual sampling in the LC might be needed to verify 
the above analysis. As the LC and the MR outflow are two major mesoscale circulations in the 
GoM, further studies focused on water circulation and microbial community function can help 
understand potential pelagic effects of the increased nutrient loading from the Mississippi River 
runoff. 
 
Considerations, Developments, and Future Applications 
PICRUSt continues to be used in studying aquatic and marine microbial communities with 
reasonably accurate functional inferences, which will potentially improve with the application of 




insights into the gene content and function of marine microbial communities, they are often 
expensive and computationally intensive. The 16S amplicon-based tools such as PICRUSt thus 
offer cost-effective alternatives. Both approaches have in effect highlighted the importance of 
analyzing microbial function to study marine environments. Microbial analyses can also support 
studies on marine chemical data and nutrient cycles. 
Development of high-throughput sequencing standards, single-gene surveys, metagenomic 
surveys, and curation of sequence databases are key methods to accurately analyze microbial 
communities in natural environments. As marine microbial community composition and function 
has evolved distinctively from other natural environments, a marine environment-specific database 
such as OMRGC (Sunagawa et al., 2015) can serve as a repository and reference database for 
future amplicon, metagenomic and metatranscriptomic analyses, avoiding ecosystem bias. 
 
Conclusion 
The current study is the first comprehensive report of microbial community function from 
the surface to bathypelagic zone across the pelagic Northern Gulf of Mexico. Metabolic functional 
data across cruises in May and August of 2016 showed strong depth stratification, with a major 
shift in function from the euphotic to aphotic zone. Photosynthetic functional signatures such as 
photosynthesis proteins and photosynthesis metabolism were the major functions driving this shift. 
Sunlight-dependent primary productivity at the surface was replaced by methane metabolism as 
the most abundant pathway for primary productivity in the aphotic zone. Methane metabolism in 
the aphotic zone mapped across the sampling sites showed high abundance in the farthest sites. 
Analysis of association of physicochemical environmental variables showed temperature as the 
major driver among other parameters: salinity, absolute depth, chlorophyll a concentration, and 
dissolved oxygen. Environmental variables overall also had a stronger correlation with function 
(63% and 77%), explaining more variation than taxonomic composition (14% and 26%). 
Metabolic function was also significantly different across the euphotic and aphotic zone of 
both sampling seasons, indicating spatial variability. Based on mesoscale water classification, 
common water, mixed water and Loop Current, function was found similar across the deeper layers 




of water column. Previously analyzed data from an earlier cruise in August 2015, was included for 
temporal analyses. Photosynthetic primary productivity overall was significantly different across 
seasons (May and August), but not annually (2015 and 2016). This analysis shows potential 
pelagic effects of the Mississippi River as early spring season of May corresponds with a higher 
river outflow. Marine microbes are key drivers of the biogeochemical cycles, and studying their 
function can help assess ecological changes and environmental effects which may also affect 
higher trophic levels. The analyses of functional data presented here contribute to studying the 
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